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Abstract: Temperature is a critical factor influencing crop growth in controlled environment agriculture. Accurate regulation of
air temperature within a greenhouse is essential for promoting optimal crop development and enhancing production efficiency.
In this study, a Categorical Boosting model based on SMOTETomek mixed sampling method and improved Sparrow Search
Algorithm (SMOTETomek-ISSA-CatBoost) was proposed to predict the categories of greenhouse temperature control modes.
This study utilized historical temperature control mode data, which had been accumulated by cultivation experts through
practical production and demonstrated effective in temperature management. To enhance the model’s performance and achieve
real-time, precise temperature regulation in greenhouses, firstly, the SMOTETomek mixed sampling method was utilized to
expand the original training set, effectively addressing the issue of data imbalance. Secondly, the Latin Hypercube Sampling
(LHS) method, the Cauchy mutation perturbation operator, and a greedy rule were employed to refine the Sparrow Search
Algorithm to enhance the global search capability. Ultimately, the improved Sparrow Search Algorithm was employed to
optimize the hyper-parameters of CatBoost model to improve its predictive accuracy. Compared with SMOTETomek-CatBoost
models optimized by Whale Optimization Algorithm (WOA), Fruit Fly Optimization Algorithm (FOA), Particle Swarm
Optimization (PSO), and standard Sparrow Search Algorithm (SSA), the SMOTETomek-ISSA-CatBoost model demonstrated
better prediction efficacy, with F1-score and AUC values reaching 0.8147 and 0.9629, respectively. The SMOTETomek-ISSA-
CatBoost model exhibited the capability to predict the category of temperature control modes in a greenhouse accurately,

thereby providing a decision-making foundation for intelligent management of greenhouse environments.

Keywords: greenhouse, temperature control mode, CatBoost, SMOTETomek, ISSA

DOI: 10.25165/].ijabe.20261903.9630

Citation: Mao X J, Lu H'Y, Yi Z Y, Ren N, Jin J. Temperature control mode prediction in a greenhouse based on
SMOTETomek-ISSA-CatBoost model. Int J Agric & Biol Eng, 2026; 19(3): 123-132.

1 Introduction

The widespread application of greenhouses has become a

crucial method for crop cultivation, especially in regions
experiencing adverse climatic conditions such as extreme high
temperatures. Greenhouses significantly enhance crop productivity
by providing a controllable environment. Within greenhouses,
environmental factors have a decisive impact on the growth and
development of crops, with temperature emerging as a pivotal
environmental factor, directly influencing the photosynthesis,
respiration, and transpiration processes of crops!'!. The alteration of
temperature has a significant impact on the growth rate of crops,
and is closely associated with the yield and quality of crops.
Therefore, achieving precise control of greenhouse temperature is of
paramount importance for ensuring the healthy growth of crops and
optimizing production efficiency.

Conventional methods for controlling environments within
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greenhouses primarily encompass threshold-based switch control™,
Proportional-Integral-Derivative feedback control (PID)**, model
predictive control (MPC)**”, and robust control®®, etc. Although the
threshold-based switch control has the potential to enhance control
precision, promote plant growth, and reduce resource consumption
to a certain extent, its inability to adapt feedback adjustments to real-
time environmental fluctuations introduces certain limitations”. The
PID control method is capable of achieving feedback adjustment in
accordance with environmental monitoring data. However, due to
the dynamic nature of greenhouse environments, significant
fluctuations may still occur”. MPC and robust control can achieve
accurate temperature regulation. However, they are affected by
issues such as delayed responses, intricate modeling processes, and
elevated system costs. Furthermore, in practical applications, the
dynamic changes in the environment and various uncertainty factors
can adversely affect the regulation performance, further limiting the
effectiveness and stability of these methods in large-scale
greenhouse cultivation.

In recent years, the rapid development of artificial intelligence
technologies such as machine learning and deep learning has
rendered data-driven intelligent greenhouse environment regulation
a prominent research focus"''?. Chen et al."” proposed a novel
control strategy that integrated the Particle Swarm Optimization
algorithm with MPC to regulate air temperature within greenhouses.
The simulations demonstrated that this integrated approach was
effective in tracking the desired temperature trajectory, even in the
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presence of disturbances. Mahmood et al."¥ proposed a data-driven
MPC that employed the multi-layer perceptron algorithm to
construct a temperature prediction model in a greenhouse. The
findings indicated that this method not only maintained an optimal
environment conducive to crop growth but also significantly
reduced energy consumption in comparison to conventional control
methodologies. Jung et al.™” employed a neural network to construct
a temperature prediction model within a greenhouse, establishing a
ventilation control decision model based on an output feedback
neural network. This model was designed to regulate the opening
and closing of ventilation windows within greenhouses, thereby
optimizing temperature control. Mahmood et al.”” presented a
methodology for regulating greenhouse temperatures based on a
data-driven model. The method employs artificial neural networks
to achieve a dynamic prediction of indoor temperature, and
optimizes the prediction model by combining the function of
minimizing the operating cost of the greenhouse with Particle
Swarm Optimization algorithm. This enables the proposal of a
control strategy to ensure the stable operation of the system.
However, these methods rely excessively on real-time monitoring
data while neglecting the valuable expertise of domain specialists.
Consequently, these methods lack the requisite adaptability and
flexibility to effectively address the complexities and dynamics
inherent to production environments.

The CatBoost algorithm is an open-source machine learning
algorithm developed by Yandex"!. It utilizes symmetric decision
trees as the base learner and is capable of efficiently handling
categorical features. It addresses the issues of gradient bias and
prediction bias, which in turn reduces model overfitting and
enhances both model performance and generalization ability.
Currently, the CatBoost algorithm has demonstrated significant
effectiveness in addressing and solving classification problems?.

The Sparrow Search Algorithm is a swarm intelligence
algorithm inspired by the foraging and vigilance behaviors of
sparrows. The algorithm exhibits several notable advantages,
including a simple underlying principle, strong robustness, rapid
convergence speed, minimal parameter tuning requirements, and
strong searching capability. The algorithm has shown promising
performance in parameter optimization problems™.

In agricultural production, during the summer’s peak heat
season, cooling control often emerges as the primary consumer of
energy. Accordingly, this paper employed the CatBoost algorithm
to construct a decision-making model for greenhouse cooling
control in summer. The model utilized historical temperature
control data from cultivation experts with proven effectiveness in
actual production. To further improve the performance and
generalization ability of the model, this study employed the mixed
sampling method to handle the imbalanced dataset, and introduced
the improved Sparrow Search Algorithm to optimize the hyper-
parameters of the CatBoost model, thereby achieving a more precise
and efficient temperature regulation effect. In this study, the
Sparrow Search Algorithm was enhanced in the following two
aspects: 1) The LHS method was adopted to initialize the sparrow
population, yielding a more uniform distribution over the search
space and thereby improving the global exploration ability of the
algorithm. 2) The Cauchy mutation perturbation operator combined
with a greedy rule was introduced to perform Cauchy perturbation
on the optimal sparrow individual in the population. This strategy
effectively expands the search space, enhances population diversity,
and further improves the global search performance of the SSA.

2 Materials and methods

2.1 Data acquisition

In this study, experiments were conducted in a solar panel-
equipped greenhouse located at Jiangsu Academy of Agricultural
Sciences in Nanjing, China. The greenhouse adopted a single-span,
double-peaked Venlo-type structure, where the roof and all four
side walls were constructed using 8 mm solar panels. The facility is
equipped with a shading system, an insulation system, an
intermittent roof ventilation system, a wet-curtain fan cooling
system, and other equipment. The internal structure of the
greenhouse is illustrated in Figure 1. During the summer cooling
operation, the greenhouse operates in one of four distinct control
modes: static, natural ventilation, mechanical ventilation, and fan-
wet curtain mode. The cooling capacity is gradually increased. The
greenhouse switches among these four modes to achieve the desired
cooling effect, as shown in Table 1.

Internal view of the Venlo-type greenhouse

Figure 1

Table1 The operating modes of greenhouse and the
corresponding status of equipment

Control mode Window Fan Wet curtain Classify
Static Close Close Close 0
Natural ventilation Open Close Close 1
Mechanical ventilation Close Open Close 2
Fan-wet curtain Close Open Open 3

Wireless sensors (JXBS-3001, Clear Communication, China)
were installed within the greenhouse to collect environmental
factors, relative
photosynthetically active radiation, light intensity, and carbon
dioxide concentration. A small weather station (QI, Dongfang

Zhigen, China) was set up outside the greenhouse to collect outdoor

including air temperature, air humidity,

meteorological data, including air temperature, air relative
humidity, wind speed, rainfall, and photosynthetically active
radiation. Furthermore, the PLC controller and MQTT gateway
were utilized for the real-time monitoring and operation control of
the environmental control devices within the greenhouse.

During the experimental period, the cherry tomatoes cultivated
within the greenhouse were at the fruiting stage, necessitating the
summer cooling management. The dataset used in this study was
selected from May 1, 2024 to May 31, 2024, a period associated
with high tomato yield and favorable fruit quality. A total of 4464
samples were collected, with a sampling interval of 10 min. In light
of the missing and anomalous data in the dataset, this paper
introduced the quadratic interpolation method to imputation or
replacement. To account for discrepancies in data units and
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dimensions, the Min-Max normalization method was employed to
standardize the data.
2.2 CatBoost model

CatBoost, a gradient boosting algorithm based on Gradient
Boosted Decision Trees (GBDT), was developed by the Russian
technology company in 2017%'". It adopts symmetric decision trees
as a base predictor and exhibits superior performance in terms of
speed and accuracy compared to traditional GBDT algorithms. Its
key advantage lies in its ability to process categorical features
effectively. By incorporating ordered boosting, CatBoost can
effectively address gradient bias and prediction bias, avoid
overfitting issues, and further enhance the accuracy and
generalization capacity of the model.

The CatBoost employs two principal methodologies:

1) A method of processing categorical features

Categorical features, a common type of discrete non-numerical
features, have traditionally been processed using approaches such as
one-hot encoding. However, one-hot encoding can result in a
considerable increase in feature space dimensionality when dealing
with a large number of categories. To address this issue, CatBoost
introduces the Greedy Target-based Statistics (TBS) method, which
transforms categorical features into numerical values according to
target statistics, thereby effectively mitigating dimensionality
expansion. Nevertheless, this method may lead to conditional shift
when discrepancies exist between the distributions of the training
and test datasets, since relying exclusively on label averages can
ignore valuable information embedded in the features. To solve this
problem, CatBoost employs a methodology that incorporates prior
distributions to enhance the original Greedy TBS. This approach
prevents the conditional shift caused by using label averages as
feature values when distribution differences exist between datasets.
Consequently, the model’s accuracy is effectively improved. The
revised formula is presented below:

p-1

g [xo,4 = X5, i)Yy, +a-p
j=1

x"/vk - p-1
g [Xo,x = X5 4] +a
j=1

where, p represents the prior value; a represents the weight of the
prior (a>0). Incorporating a prior is to attenuate the noise
associated with the fringe category.

2) Ordered Boosting Method

Within the conventional GBDT algorithm, the model is updated
iteratively by computing the gradient of the loss function using the
same dataset. Although this strategy simplifies computation, it is

(1

prone to gradient estimation bias influenced by data noise. Such
disturbance induces estimation bias and further leads to model
overfitting. In contrast, the CatBoost algorithm introduces an
ordered boosting mechanism and employs disjoint data subsets for
gradient estimation during tree construction, which effectively
eliminates gradient estimation errors caused by dataset noise. This
methodology not only improves the precision of gradient estimation
but also refines the model’s approach to mitigating prediction bias,
thereby augmenting the model’s generalization capabilities and
predictive performance.

In this study, the indoor air temperature, indoor relative
humidity, indoor photosynthetically active radiation, indoor light
intensity, indoor carbon dioxide concentration, outdoor air
temperature,  outdoor  air  relative  humidity,  outdoor
photosynthetically active radiation, outdoor wind speed, and rainfall

were selected as input parameters for the CatBoost model. The
output of the CatBoost model was the category of temperature
control modes in the greenhouse at the next time step. The model
output of 0 represents a static control mode, while a model output of
1 denotes a natural ventilation control mode. Similarly, a model
output of 2 represents a mechanical ventilation control mode, and a
model output of 3 indicates a fan-wet curtain control mode.

23 ISSA

2.3.1 Sparrow Search Algorithm

The Sparrow Search Algorithm (SSA) was proposed in 2020 as
an optimization algorithm, inspired by the foraging and anti-
predation behaviors of sparrows”. In a D-dimensional solution
space, each sparrow’s position is defined as X; = [x;,,Xi2,..., Xial,
with f; = (x5, Xi2,...,X4) serving as its fitness value. The number
of sparrows is set to N. In each generation, the best PD individuals
are selected as the discoverers, while the remaining N-PD sparrows
are classified as participants.

In the SSA, discoverers with higher fitness values are given
priority in the food search process. Furthermore, as discoverers are
responsible for locating food for the entire sparrow population and
providing foraging directions to all participants, they are granted a
wider search range for foraging. The position of discoverers in each
iteration is updated as follows:

-1
Xi,;-exp (ﬁ) , R,<ST

X, +0Q-L,

t+1 __
X =

)
R,>ST

where, ¢ is the current iteration number; 7 is the maximum iteration
number; X;; represents the position information of the sparrow; a is
the random number between 0 and 1; Q represents a random
number following a normal distribution; L is a range vector; R, is
an alert value; ST is a safety value.

During the foraging process, some participants maintain visual
contact with the discoverers. Once they perceive that the
discoverers have found better food, they immediately leave their
current position to compete for the food. The position of
participants is updated as follows:

Xworst - X,r j .. n
Q-exp(ii2 ), l>§ (3)

X+ |X£, —-X"'|-A"- L, otherwise

1+l
Xo' =

where, X, is the current global worst position; X' indicates the
position of the sparrow with the best fitness in the 7+ 1 iterations; A
is a 1 € d matrix with its elements randomly assigned as 1 or —1;
and A* = AT(AAT)".

When sparrows perceive a threat, they abandon the current food
source and engage in an alarm behavior. The position of vigilant is
updated as follows:

Xl’;es[ +ﬁ' ’X,rj _X;es‘ s fz > f;:
X' = X —x 4
+J X/I/ +K- (l i,j Worsll) , f; — f;, ( )
' (fi-f)+e

where, X|  is the current global best position; K is a random
number between —1 and 1; B is a step control parameter, following a
normal distribution with a mean of 0 and a variance of 1; ¢ is the
smallest constant to avoid division by zero; f; is the fitness values
of current individual sparrows; f, and f, represent the worst and
best global fitness values, respectively.

However, the original sparrow search algorithm still exhibits
certain deficiencies, including low precision and a proclivity for
local optimal solutions. This paper improved the algorithm,
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increasing the diversity of the initial population individuals and
utilizing Cauchy perturbation for the optimal population
individuals, thereby enhancing the algorithm’s accuracy.

2.3.2 Improved Sparrow Search Algorithm

LHS is a statistical method designed to generate random
samples in multi-dimensional spaces”. The objective is to achieve
a uniform coverage of the entire sample space with a more even
distribution, thereby enhancing the efficiency of the sampling
process, particularly in high-dimensional problems. Currently, LHS
has been widely adopted in various fields including computer
experiments, numerical simulations, and optimization. The standard
SSA employs a random initialization method for population
particles, which may lead to severe clustering and poor uniformity
of initial individuals. In this paper, the LHS method is employed for
initial population sampling to ensure a uniform distribution within
the search space, thus enhancing the algorithm’s global search
capability.

However, since the iterative update of food positions is directed
by the optimal individual and the population tends to move toward
the optimal position, population diversity may gradually decrease in
the later stages of iteration. The population convergence can lead
the algorithm to become trapped in local optima. To address this
issue, a Cauchy mutation perturbation operator is introduced in this
paper. This operator applied Cauchy perturbations to the optimal
sparrow individuals within the population, thereby expanding the
search space of the algorithm and increasing the diversity of the
population. The objective of this enhancement is to improve the
global search capability of the SSA algorithm.

The Cauchy mutation is derived from the Cauchy distribution,
which is a classical continuous probability distribution. The
probability density function curve of the Cauchy distribution is
illustrated in Figure 2. Compared to the standard normal
distribution, it has a lower peak at the origin and a slower decline
from the peak to zero. This yields a more uniform mutation range
and enhances perturbation capability. By incorporating the Cauchy
mutation to perturb the optimal individual, it could enable the
algorithm to escape the confines of the local optimal solution. The
model for introducing the Cauchy mutation into the optimal
individual is as follows:

X'

new_best

=X, - (1+Cauchy(0, 1)) 5)

where, X!

best

is the optimal sparrow individual; X'

new_best

is the optimal
sparrow individual after mutation; and Cauchy(0,1) is the standard
Cauchy distribution. The random variable of the Cauchy
distribution is generated by tan[(z—0.5)x] function, where u is the
random number between [0,1].
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Figure 2 The probability density function curve

To ensure that the mutated optimal solution is superior to the
original one, the greedy rule is adopted. By comparing the fitness
values of the optimal solution prior to and subsequent to the

mutation, the mathematical formulation of the greedy strategy is

expressed as follows:
o B fX0 2 (%)
best + "
C e fKe) < (X))

) is the fitness value of the optimal individual

(6)

where, f(X]
sparrow; and f(X’

new_best

est
) is the fitness value of the individual
sparrow after mutation.

In conclusion, this paper addressed the limitations of the
standard SSA by improving its population initialization and optimal
individual selection. The specific steps of the ISSA are as follows:

Step 1: Initialize the population using the LHS method, and
define the maximum number of iterations, and other relevant
parameters.

Step 2: Calculate the individual fitness values within the
population and arrange in ascending order to identify the initial
optimal and worst fitness values, and their respective positions. The
sparrow with the highest fitness value is designated as the current
food location, with its position corresponding to the hyper-
parameter of the CatBoost model.

Step 3: Introduce a Cauchy perturbation operator and update
the global optimal solution according to Equation (5). Then
compare the fitness values of the perturbed optimal individual and
the original optimal individual using a greedy selection criterion. If
the fitness value of the mutated individual is lower than that of the
original optimal individual, the current optimal individual is
replaced by the mutated one; otherwise the original optimal
individual is retained.

Step 4: Designate the top 20% of sparrows in the sorted list as
discoverers, and the remaining 80% as participants. The positions of
all individuals are updated using Equations (2) and (3), respectively.

Step 5: Select a random subset of 10% of sparrows from the
total population as vigilant and update their individual positions
according to Equation (4).

Step 6: Repeat steps 2 to 5 iteratively until the maximum
number of iterations is reached, and the global optimal solution is
thereby obtained.

2.4 SMOTETomek-ISSA-CatBoost model

The CatBoost model has been widely employed in
classification problems. In this study, the CatBoost model was
applied to predict the category of the temperature control modes
within a greenhouse. To achieve an enhanced prediction effect, an
improved Sparrow Search Algorithm was proposed to optimize
CatBoost hyper-parameters including Iterations, Depth, Learning_
rate, and L2 leaf reg. Five-fold cross-validation was adopted to
evaluate model performance and determine the optimal parameter
combination, thereby mitigating the risk of overfitting. The original
training set was randomly partitioned into five equal subsets. One
subset was designated as the validation data for the model, while the
remaining four subsets were used as the training data. Subsequently,
each subset was validated exactly once in rotation, with the F1-
score on the validation set being documented. In each iteration of
the ISSA, the negative mean of the five F1-score values was utilized
as the fitness value. The cross-validation strategy was employed to
conduct repeated experiments for each parameter combination of
the classifier, aiming to identify the optimal parameter set based on
the average Fl-score. The sparrow individual exhibiting the lowest
fitness value was selected as the optimal parameter configuration
for the CatBoost model.

The algorithm flow of temperature control mode prediction
method in a greenhouse based on the SMOTETomek-ISSA-
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CatBoost model is shown in Figure 3. The specific steps are as
follows:

Step 1: Collect the real-time data using the team’s independent
development platform. The raw data is subjected to preprocessing,
which encompasses the identification and elimination of anomalies,
the imputation of missing values, and the normalization of the
dataset. The dataset is split into training and testing sets, with the
first 70% of samples designated as the training set and the last 30%
as the testing set.

Step 2: Expand the training set with the SMOTETomek mixed
sampling method and divide the training set into five subsets to

ensure no duplicate samples exist across different subsets.

Step 3: Take the negative value of the mean Fl-score of the
five-fold cross-validation as the individual fitness value of the
sparrow. Through repetition of the iterations of ISSA, the optimal
parameter set of the CatBoost model is constantly updated.

Step 4: Upon reaching the maximum number of iterations, the
optimal solution of the CatBoost model parameters is obtained;
otherwise, repeat Step 3.

Step 5: Construct the SMOTETomek-ISSA-CatBoost model
based on the optimal parameters to obtain the optimal predicted
value of the category of the greenhouse temperature control mode.

Start

Use LHS method to
initialize the population

End

. 2

|

=

Obtain data related
to greenhouse

Calculate fitness values and sort them,
find global optimal and worst solution

Output control mode

environmental control
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Figure 3  The flow of SMOTETomek-ISSA-CatBoost model

2.5 Evaluation index

To wvalidate the prediction performance for greenhouse
temperature control mode classification, the five evaluation indices
of accuracy, recall, precision, F1-score, and area under the Receiver
Operating Characteristic (ROC) curve (AUC) are selected to
comprehensively evaluate the prediction results. The confusion
matrix is presented in Table 2, and the equations are defined as

follows:
Accuracy = % (7N
Recall = % (®)
Precision = % )
= =

where, Accuracy denotes the proportion of instances correctly
predicted by the model; Recall represents the proportion of positive
instances that are correctly identified; Precision indicates the
proportion of positive instances predicted correctly; F1-score is the
harmonic mean of Precision and Recall, which comprehensively

considers both indicators and avoids the bias caused by a single
metric.

Table 2 Confusion matrix

Predicted result

Real situation - —
Predicted positive

Real positive TP FN
Real negative FP ™N

Predicted negative

The AUC represents the area under the ROC curve, and the
value is between 0 and 1. This provides a direct assessment of the
classifier’s performance, with higher values indicating better
performance. The ROC curve is constructed based on true positive
rate (TPR) and false positive rate (FPR). In the ROC curve, the
horizontal axis represents the FPR, which is the proportion of
negative instances incorrectly classified as positive among all
negative instances. The vertical axis represents the TPR, which is
the proportion of positive instances correctly classified among all
positive instances.

FP

FPR = 5 Fp atn
TP

TPR =15 TFN (12)
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In datasets characterized by an imbalanced class distribution,
the accuracy, precision, and recall metrics may not fully assess the
model’s overall performance. In particular, when a model performs
well in predicting the majority class, these metrics may be
misleading. Therefore, this paper used ROC curves and AUC
values, which are highly reliable measures, to evaluate the model’s
overall performance. Although ROC curves and AUC values are
typically stable indicators of a model’s overall performance, they
may not fully capture the model’s predictive capability for the
minority class under conditions of extreme class imbalance. To
more comprehensively assess the model’s performance, this paper
also incorporated the Fl-score as an evaluation metric. The F1-
score, by considering both precision and recall, effectively reflects
the model’s predictive ability for minority classes. Consequently,
this paper primarily relied on a combined assessment of the F1-
score and AUC value to select the optimal model, thereby
guaranteeing the predictive accuracy and stability of the model on
imbalanced datasets.

3 Results and analysis

To enhance the predictive performance of the model, this study
employed an optimization strategy encompassing two principal
dimensions: data preprocessing and methodological advancement.
Furthermore, to comprehensively evaluate the performance of the
proposed model, five evaluation metrics were utilized for testing,
and four types of comparative analysis were conducted. Firstly, the
basic classification model used in this study, CatBoost, was
compared with several classical machine learning classifiers to
evaluate its performance in classification tasks. Secondly, the
SMOTETomek mixed sampling method was compared with other
commonly used sampling methods to validate the effectiveness of
the data processing approach. Thirdly, the ISSA was compared with
other swarm intelligence optimization algorithms to optimize the
performance of the CatBoost model. Finally, the superiority of the
proposed model improvement was validated through ablation
experiment analysis.

3.1 Comparison of different machine learning models

Before exploring the effectiveness of the proposed method, five
classical classification algorithms were empirically analyzed,
namely Support Vector Machine (SVM), Random Forest (RF),
Extreme Gradient Boosting (XGBoost), Light Gradient Boosting
Machine (LightGBM), and CatBoost, utilizing the identical test set.
The selection of these benchmark models was based on their
sufficient representativeness and comprehensiveness, which can
fully cover the mainstream solutions for this type of classification
problem. Specifically, SVM is a classic supervised learning
algorithm with strong generalization ability and excellent
performance in small sample and high dimensional data
classification tasks. RF, as a typical ensemble learning model, has
the advantages of anti-overfitting, strong robustness, and ability to
handle non-linear relationships, and is also one of the most
commonly used benchmark models in classification tasks®. In
addition, XGBoost, LightGBM, and CatBoost, as representative
algorithms of the gradient boosting decision tree (GBDT) family,
have outstanding performance in handling complex data and
improving classification accuracy, and are mainstream solutions for
current classification problems®”. Collectively, these five
algorithms cover different types of classical classification models
(single models and ensemble models), and their wide application in
related research ensures the rationality and comprehensiveness of
the benchmark model selection, laying a solid foundation for the

subsequent comparative analysis of the proposed method. The
specific forecast results and their evaluation indicators are detailed
in Table 3. In order to facilitate a visual comparison of each
algorithm, all results are presented in the form of bar chart in
Figure 4 and ROC curve in Figure 5.

Table 3 Prediction error evaluation indicators of
different models

Model Accuracy Precision Recall F1-score AUC
SVM 0.8920 0.7723 0.7468 0.7255 0.9588
RF 0.8732 0.7689 0.6782 0.7156 0.9565
XGBoost 0.9031 0.7962 0.6743 0.7108 0.9462
LightGBM 0.9024 0.7957 0.6580 0.6867 0.9458
CatBoost 0.9087 0.8523 0.7103 0.7612 0.9614
1.0
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Figure 4 Five model performance comparison histograms
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Figure 5 ROC curves of five models

As illustrated in Table 3 and Figure 4, the CatBoost model
exhibited the highest accuracy in terms of the Accuracy index,
reaching 0.9087, among all the evaluated basic classification
models. The accuracy of SVM, RF, XGBoost, and LightGBM
models were 0.8920, 0.8732, 0.9031, and 0.9024, respectively. With
regard to precision, the CatBoost model continued to demonstrate
superior performance in comparison to the other four models,
attaining a value of 0.8523. While the CatBoost model
demonstrated a slight deficit in recall relative to the SVM model, it
nevertheless exhibited superior efficacy compared to the remaining
three basic classification models.

Fl-score correlates with Accuracy rate and Recall rate. As
shown in Table 3 and Figure 4, the CatBoost model attained the
highest F1-score among the comparative models, reaching 0.7612.
In comparison, the Fl-scores of SVM, RF, XGBoost, and
LightGBM were 0.7255, 0.7156, 0.7108, and 0.6867, respectively.
The RF model exhibited the lowest Fl-score, while the CatBoost
model demonstrated a significantly superior performance compared
to the other models. In terms of the AUC index, the AUC values for
SVM, RF, XGBoost, LightGBM, and CatBoost models were
0.9588, 0.9565, 0.9462, 0.9458, and 0.9614, respectively. The AUC
value of the CatBoost model was the highest (Figure 5).
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In conclusion, although the CatBoost model exhibited slightly
inferior performance in terms of Recall compared to the SVM, it
achieved superior performance in other key indicators, including the
crucial Fl-score and AUC. This superior comprehensive
performance is rooted in the inherent advantages of CatBoost,
which effectively mitigates the impact of category feature bias
through ordered boosting and adaptive learning rate adjustment.
These inherent advantages enable the CatBoost model to better
capture the complex non-linear relationships between input features
and temperature control modes in greenhouses, thereby
demonstrating superior classification performance compared to
other conventional classification models such as SVM. Moreover,
these findings were consistent with those of previous studies®’,
providing further evidence for the selection of CatBoost as the
fundamental model for predicting greenhouse temperature control
modes in this study.

3.2 Data balance processing

The initial training dataset, as presented in this paper,
comprises a total of 3023 samples. The sample sizes corresponding
to the static, natural ventilation, mechanical ventilation, and fan-wet
curtain modes are 225, 2553, 233, and 12, respectively. From the
sample distribution, it can be observed that the training set
employed in this study constitutes a typical imbalanced dataset.

The prevalence of data imbalance in classification problems
represents a significant factor contributing to inefficient model
training and suboptimal prediction performance®”. To address this
class imbalance issue, the data sampling method is typically used to
balance the class distribution of the dataset prior to the model
training. Currently, several methods are employed at the dataset
level for data balancing, including undersampling, oversampling,
and hybrid sampling methods. To improve the performance and
generalization ability of the proposed model, this study employed
several resampling techniques: undersampling methods including
Edited Nearest Neighbors (ENN) and Repeated Edited Nearest
Neighbors (RENN); oversampling methods including Adaptive
Synthetic ~Sampling (ADASYN) and Synthetic Minority
Oversampling Technique (SMOTE); and mixed sampling methods
including SMOTEENN and SMOTETomek"”". The six sampling
methods were applied to the original training set in order to achieve
data balancing, with the results presented in Table 4.

Table 4 Six different sampling methods for
imbalanced dataset

Type Number of Static NaFurgl Mecl‘lan‘ical F an-wet
training set ventilation  ventilation curtain
Base 3023 225 2553 233 12
ENN 2963 202 2542 207 12
RENN 2895 193 2501 189 12
ADASYN 10 230 2554 2553 2571 2552
SMOTE 10212 2553 2553 2553 2553
SMOTEENN 10097 2551 2441 2552 2553
SMOTETomek 10212 2553 2553 2553 2553

To evaluate the effects of different data balancing processing
methods, based on the same test set, an empirical analysis was
conducted on the category prediction model for temperature control
mode, utilizing the CatBoost model. The specific evaluation results
are listed in Table 5. As can be observed from the table, the
undersampling method resulted in the removal of only a small
number of samples from the majority of classes, with a notable
decline in the overall classification efficacy, particularly evident in
the Fl-score. The Fl-score for the RENN-CatBoost method was
only 0.7017. Conversely, the oversampling method exhibited

superior overall classification efficacy compared to the
undersampling method, particularly in terms of Recall and F1-score,
which demonstrated notable enhancement. However, due to the
random repeated sampling process, there was a possibility of
overfitting. Mixed sampling method had been demonstrated to
outperform the single undersampling or oversampling method on
multiple indicators, particularly in terms of Precision, Recall, and
Fl-score. Among them, the Fl-score of SMOTETomek-CatBoost
reached 0.8052, and the Precision and Recall were significantly
higher than those of the other five models. Although the AUC value
was slightly lower than that of the CatBoost model, with a
difference of only 0.0018, this difference had a minimal impact on
the overall classification effect.

Table 5 Comparison of evaluation indices for improving
methods of imbalanced data

Type Model Accuracy Precision Recall Fl-score AUC
Base CatBoost 0.9087  0.8523 0.7103 0.7612 0.9614
Under ENN-CatBoost 0.8941  0.8222 0.7004 0.7492 0.9597
sampling RENN-CatBoost 0.9031  0.7699 0.6600 0.7017 0.9607
Over ADASYN-CatBoost 0.9164 0.7898 0.7463 0.7665 0.9549
sampling  SMOTE-CatBoost 0.9129 0.8161 0.7468 0.7766 0.9586

0.8215 0.7645 0.7897 0.9578
0.8653 0.7646 0.8052 0.9596

Mixed SMOTEENN-CatBoost 0.9087
sampling SMOTETomek-CatBoost  0.9136

In general, SMOTETomek demonstrates obvious advantages in
terms of comprehensive performance. In light of the above
conclusion, the mixed sampling method SMOTETomek was
selected in this study to carry out data balance processing on the
original training set. The expanded data was then employed as the
training dataset for the subsequent category prediction model of
temperature control mode.

3.3 Comparison of model parameter optimization algorithms

To further improve the classification performance of the
CatBoost model, this paper proposed to use the ISSA to optimize
the hyper-parameters of CatBoost model. Meanwhile, the ISSA was
compared with four other classical swarm intelligence optimization
algorithms (WOA, FOA, PSO, and standard SSA). All algorithms
were evaluated and compared under the same experimental
conditions.

The hyper-parameters of the optimized CatBoost model
presented in this paper were the number of algorithm iterations
(Iterations), the depth of the tree (Depth), the learning rate
(Learning_rate), and the regular sub-parameter (L2 leaf reg).
Table 6 illustrates the range of values for each parameter. The value
of Iterations ranged from 100 to 2000, while Depth spanned from 3
to10. Learning_rate varied from 0.01 to 0.3, and the L2 leaf reg
extended from 1 to 10.

Table 6 Hyper-parameter selection range of CatBoost model

Hyper-parameter name Scope
Iterations (100, 2000)

Depth (3, 10)
Learning_rate (0.01, 0.3)

L2 _leaf reg (1, 10)

The optimal model hyper-parameters (Table 7) obtained by
each optimization algorithm were used to predict the category of
temperature control mode within a greenhouse in the test set.
Table 8 presents five evaluation metrics of ISSA and other
optimization algorithms on the test set. To more intuitively compare
the performance of each method, Figure 6 shows the confusion
matrix and ROC curves for each model.
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As illustrated in Table 8 and Figure 6, the SMOTETomek-SSA-
CatBoost model exhibited notable Accuracy, Precision, Recall, and
reaching 0.9226, 0.8329, 0.7938, and 0.8123,
respectively. The accuracy, precision, recall, and Fl-score of the
SMOTETomek-SSA-CatBoost model were superior to those of the
SMOTETomek-PSO-CatBoost, SMOTETomek-FOA-CatBoost, and
SMOTETomek-WOA-CatBoost models. This indicated that the
SSA algorithm had superior capacity for optimizing parameters in
comparison to WOA, FOA, and PSO.

F1-score,

Table 7 Optimal solution of CatBoost model hyper-
parameters under different optimization algorithms

Model Iterations Depth Learning rate L2 leaf reg
SMOTETomek-WOA-CatBoost 1591 5 0.2749 3.6123
SMOTETomek-FOA-CatBoost 1705 4 0.3000 1.0000
SMOTETomek-PSO-CatBoost 2000 4 0.3000 1.0000
SMOTETomek-SSA-CatBoost 1932 3 0.2899 1.2167
SMOTETomek-ISSA-CatBoost 1649 4 0.2368 6.0670

Table 8 Comparison of evaluation indices of different model
parameter optimization algorithms

Model Accuracy Precision Recall Fl-score AUC

SMOTETomek-WOA-CatBoost 0.9150  0.8314 0.7797 0.8036 0.9590

SMOTETomek-FOA-CatBoost  0.9164  0.8197 0.7825 0.7997 0.9591
SMOTETomek-PSO-CatBoost  0.9157  0.8194 0.7814 0.7989 0.9590
SMOTETomek-SSA-CatBoost  0.9226  0.8329 0.7938 0.8123 0.9559
SMOTETomek-ISSA-CatBoost  0.9247  0.8339 0.7973 0.8147 0.9629

Meanwhile, a comprehensive analysis of the results across all
metrics indicated that the proposed SMOTETomek-ISSA-CatBoost
model achieved the best performance in terms of Accuracy,
Precision, Recall, Fl-score, and AUC. Specifically, the
SMOTETomek-ISSA-CatBoost model achieved an Accuracy of
0.9247 and a Precision of 0.8339, both of which surpassed those
attained by the other four parameter optimization algorithms. In
terms of Recall, the SMOTETomek-ISSA-CatBoost model achieved
a value of 0.7973, which was significantly higher than those of the
other four parameter optimization algorithms. Among these
algorithms, SMOTETomek-WOA-CatBoost performed the worst,
with a Recall of only 0.7797. Regarding the Fl-score, the
SMOTETomek-ISSA-CatBoost model had a notable increase
compared to the SMOTETomek-SSA-CatBoost model, and had an
increase of 0.0158, 0.015, and 0.0111 when compared with
SMOTETomek-PSO-CatBoost, SMOTETomek-FOA-CatBoost, and
SMOTETomek-WOA-CatBoost, respectively. In terms of the AUC
index, the SMOTETomek-ISSA-CatBoost model achieved a value
of 0.9629, which was significantly higher than that of the
SMOTETomek-SSA-CatBoost model, and slightly higher than
those of the other three parameter optimization algorithms.

In conclusion, the ISSA proposed in this paper had been further
improved in terms of global search ability, thereby achieving
superior optimization results in comparison to the standard sparrow
search algorithm.

3.4 Ablation experiment analysis

To further verify the effectiveness of the model proposed in this
paper, SMOTETomek-ISSA-CatBoost was compared with three
other ablation models. The results of the ablation test are presented
in Table 9. Compared with SMOTETomek-CatBoost, the Accuracy,
Recall, Fl-score, and AUC of SMOTETomek-ISSA-CatBoost
increased by 0.0111, 0.0327, 0.0095, and 0.0033, respectively.
Compared with ISSA-CatBoost, the Accuracy, Recall, Fl-score,

and AUC increased by 0.0111, 0.0619, 0.0348, and 0.001,
respectively. Among them, the SMOTETomek-ISSA-CatBoost
model outperformed the CatBoost model with the most significant
performance improvement. The above test results demonstrated that
the combined application of the SMOTETomek and ISSA methods
effectively compensated for the limitations of a single model in
sample distribution and parameter optimization. This approach not
only significantly enhanced the prediction accuracy and
generalization capability of environment control mode in the
greenhouse, but also validated the rationality and effectiveness of
the improvement strategies proposed in this paper.

Table 9 Ablation experiment results

Model Accuracy Precision Recall Fl-score AUC
CatBoost 0.9087  0.8523 0.7103 0.7612 0.9614
ISSA-CatBoost 09136  0.8436 0.7354 0.7799 0.9619
SMOTETomek-CatBoost 09136  0.8653 0.7646 0.8052 0.9596

SMOTETomek-ISSA-CatBoost  0.9247  0.8339 0.7973 0.8147 0.9629

4 Conclusions

In this paper, an improved Sparrow Search Algorithm was
proposed to optimize the parameters of the CatBoost model. The
standard SSA was enhanced primarily in two key areas: Initially,
the LHS method was employed to sample the initial population,
thereby ensuring an even distribution across the search space. This
approach enhanced the algorithm’s global search capability.
Furthermore, by employing the Cauchy mutation operator and the
greedy rule, the optimal individual from the population of sparrows
was subjected to Cauchy perturbation. This expansion of the search
space improved the diversity of the population, thereby further
strengthening the global search performance of the SSA algorithm.
Furthermore, the initial training set was expanded based on the
SMOTETomek mixed sampling method, and the hyper-parameters
of the CatBoost model were optimized using the ISSA algorithm,
then verified on the test set.

This paper explored the research from four primary aspects.
Firstly, the standard CatBoost model was evaluated in comparison
with various commonly used machine learning models, including
RF, SVM, XGBoost, and LightGBM, to evaluate the rationale
behind the selection of the basic classification models. Secondly,
the SMOTETomek mixed sampling method was employed to
expand the training set, thereby alleviating the issue of class
imbalance within the dataset. Furthermore, ISSA was compared
with four other common optimization algorithms (WOA, FOA,
PSO, and standard SSA) in optimizing CatBoost model
performance. Finally, the ablation test analysis demonstrated the
superiority of the method proposed in this paper.

During the training phase, the training set was used for five-
fold cross validation to adjust the hyper-parameters of the CatBoost
model. Once the optimization process was completed, the
performance of each model was evaluated using an independent test
set. The results demonstrated that the SMOTETomek-ISSA-
CatBoost model exhibited robust prediction capability in the
category prediction of temperature control modes in the greenhouse,
and had obvious advantages compared with other traditional
classification models and optimization algorithms.

This study presents a data-driven solution for cooling control in
greenhouses during the summer season. Conventional control
methods such as PID and MPC suffer from high computational
complexity, high deployment costs, and excessive reliance on
precise physical models. In contrast, the method proposed in this
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paper learns the internal operating mechanism of greenhouses from
agricultural expert experience, equipment operation rules, and
empirical data in greenhouses via machine learning. It features
lower computing overhead, as well as stronger adaptability to
time-varying greenhouse environments, thus
highlighting obvious advantages in agricultural production
applications. The study proposed in this paper is of great
significance in the field of greenhouse environmental control, and
the proposed method can be further extended to various types of
greenhouse in the future, including solar greenhouses, film

nonlinear and

greenhouses, and others.

However, this study focused solely on temperature control for
greenhouse cooling in the summer and did not include experimental
validation for other seasonal types, such as winter heating. In
addition, the dataset was only collected from a single month, which
limited the generalizability of the proposed method. In future
research, collecting high-quality expert data under a broader range
of climatic scenarios will be considered. This involves integrating
superior control data for winter heating, spring and autumn
insulation, and summer cooling. The objective is to develop a
temperature control method within greenhouses suitable for the full
growth cycle of crops.
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