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Abstract. Although greenhouses are used in controlled environments, it can be difficult to maintain the 

right temperature and moisture inside, especially when the outdoor climate changes. To ensure that the 

requirements are met, this research aims to develop a model that can accurately predict the temperature and 

moisture inside the greenhouse. Accordingly, we have developed two hybrid models that can accurately 

predict the temperature and moisture inside the greenhouse by combining the advantages of Auto  

Regressive Integrated Moving Average  (ARIMA) and Auto  Regressive Fractionally Integrated Moving 

Average (ARTFIMA) on the one hand and the advantages of Support Vector Machine (SVM) on the other. 

These methods train the models and adjust their parameters using previous experimental data, allowing 

them to make accurate predictions even in complex scenarios. In this study, 1,987 measurements were used 

over two time series, one for temperature and one for moisture, with an interval of 10 minutes between each 

observation. The two hybrid models were then compared with the experimental results, which were found 

to give accurate predictions with an error rate close to zero. They were also compared with other single 

models. When results are compared based on statistical error, they are far more accurate in terms of the root 

mean square error (RMSE), mean square error (MSE), mean absolute error (MAE), and mean absolute 

percentage error (MAPE) than results based on a single model. The two hybrid model  values, in general, 

are the most suited ones since they can accurately correct experimental data. In conclusion, it is possible to 

forecast greenhouse temperature and brick ratio using the ARIMA-SVM and ARTFIMA-SVM models. 

Keywords: advanced forecasting, controlled environment, statistical modelling, support vector modelling, 

time series analysis 

Introduction 

A type of greenhouse structure known as a multi-span greenhouse has numerous linked 

spans that together provide a sizable growth area. The performance and atmosphere 

within a multi-span greenhouse are significantly influenced by its design. The quantity of 

light and heat that enters the building, as well as the effectiveness of the heating and 

cooling systems, are all influenced by the size, shape, and direction of the building. The 

greenhouses performance and capacity to maintain a stable atmosphere are greatly 

influenced by the sort of covering material chosen. Furthermore, the environment outside 
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might have a big impact on the environment within the multi-span greenhouse. 

Temperature, moisture, wind direction, and light levels all have an impact on how well 

the greenhouse can keep a stable growth environment. Yet, producers may manage and 

optimize the inside climate to promote optimal crop development and output by adopting 

sustainability control mechanisms, such as heating, cooling, and ventilation. 

Owing to the significance of greenhouse structures, several research investigations, 

including those focusing on the mechanical and thermophysical properties, have been 

carried out. An analysis of multi-span greenhouse constructions using numerical 

simulation is provided in a study by Fernández-García et al. (2020). According to their 

explanation, numerical simulations may be used to forecast how greenhouse buildings 

would behave under various environmental factors. In a paper, (Kim et al., 2017) studied 

the pressure coefficient values while considering a number of greenhouse design 

elements. including the roof slope, the bend diameter, and the direction of the wind. Based 

on the defined parts of the greenhouse surface, various wind directions, and the number 

of spans. The assumption of a uniform distribution of heat and mass inside greenhouses 

was challenged due to various factors, as demonstrated in a study from Ogunlowo et al. 

(2021). A dynamic system modeling program was developed by Rasheed et al. (2020) for 

a construction energy simulation model for multi-span greenhouses, allowing for daily 

and seasonal adjustment of screens, roof ventilation, and heating set points.  The influence 

of vent layout and opening size on greenhouse climate was evaluated through the creation, 

verification, and utilization of a 3D model, as evidenced in work carried out by He et al. 

(2015). In research from Lee and Short (2000), a computational fluid dynamics (CFD) 

system served to explore natural adequate ventilation in a commercial greenhouse, 

considering factors like wind direction, speed, and ventilation volumes.  A   modeling  

process was carried out on real plastic greenhouses as part of an investigation (Ha et  

2017,al. )   to evaluate the dynamic properties of these structures. In addition, an updated 

finite element model was developed in order to investigate how connection and support 

ffected these structures' dynamic propertiesstiffness a.  (Reichrath and Davies, 2002) 

validated stress distribution estimates produced by Fluent CFD software on the outside 

of the greenhouse roof using experimental results from the 52 span Venlo greenhouse. 

Based on time series models, some additional exploration (Tol and de Vos, 1993) provide  

statistical evidence that growing greenhouse gas concentrations cause an increase in  

.average temperature Another study (Khan et al., 2014) used multiple econometric tools 

to investigate the long-term link between energy usage and greenhouse gas emissions . 

eveloped a Light Gradient Boosting Machine methodd )(Cai et al. The researchers as  

(LGBM) to estimate greenhouse temperature using ambient and control data, taking 

physical aspects, seasonality, and behavioral correlation into consideration. Thermal  

losses through the polymeric cover of greenhouses were calculated, and techniques for  

calculating greenhouse dimensions and projecting future temperatures were provided, as 

osshown by Leonidopoul  (2000). 

In scientific investigations involving temperature and moisture phenomena, data  

evaluation and estimation of changes in the examined phenomena have been conducted  

through various numerical methods (Arunsandeep and Chandramohan, 2018; dos Santos  

Mendes, 2004; Xue et al., 2021) as well as statistical methodologies (Rasheed etand   

Other methods of prediction exist .al.,2022; Gorgin et al., 2020; Dimitriadis et al., 2021) 

ut it can be difficult to analyze andthrough Temperature and moisture time series, b  

predict in some complex cases. That is why researchers are striving to build hybrid  

approaches that integrate mathematical models with other techniques, such as deep  
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learning, neural networks, and other machine learning techniques, to increase the  

accuracy of analysis and prediction, and this strategy adopts on the advantages of many  

lmethods while minimizing the disadvantages, resulting in a more reliable and practica  

.solution  

Greenhouses are utilized in controlled environments; yet, the task of regulating optimal 

temperature and moisture levels within them can be arduous, especially when faced with 

fluctuations in exterior climatic conditions. Drawing upon previous experimental 

findings, the main aim of this research is to expand the utilization of hybrid models, 

specifically Autoregressive Moving Average (ARIMA) - Support Vector Machines 

(SVM) and Auto Regressive Fractionally Integrated Moving Average (ARTFIMA) - 

Support Vector Machines (SVM), in various applications. The objective of these studies 

is to effectively forecast temperature and moisture levels within greenhouse environments 

in order to provide ideal cultivation conditions and optimize crop productivity. Our 

research aims to develop resilient prediction tools that can effectively adapt to diverse 

environmental conditions by using the capabilities of ARIMA, ARTFIMA, and SVM 

approaches. The aforementioned models will function as decision-support systems for the 

purpose of greenhouse management. Their primary objective is to facilitate proactive 

modifications, such as modifying ventilation or irrigation systems, in order to efficiently 

regulate interior climate conditions. 

Phenomenon, materials and methods 

Phenomenon 

Three main factors affecting greenhouse production are the greenhouse itself, the 

external environment, and the internal environment, and these factors are linked in a 

sequential manner, as the external environment and the greenhouse affect the internal 

environment, specifically temperature degree and moisture levels, and the internal 

environment, in turn, affects the quality of the final product. 

Since we have no control over the external environment, managing the internal 

environment, particularly regulating temperatures and moisture levels, is crucial to 

improving crop production. 

These effects are as follows: 

An increase in the external temperature with intense sunlight leads to an increase in 

the internal temperature and vice versa. As for the percentage of moisture, it increases 

with an increase in external moisture, and evaporation resulting from the increase in 

temperature and hot winds increases the temperature, and the opposite is always true. As 

for the percentage of moisture, it increases with increasing moisture. The externality and 

the evaporation caused by the increase in temperature and hot winds increase the 

temperature, and the opposite is always true. 

A greenhouse with a glass body allows more sunlight in, which can warm the indoors. 

Conversely, a greenhouse with a plastic cover may not let in as much sunlight, resulting 

in cooler temperatures. 

The materials utilized to construct the greenhouse also have an impact on the internal 

conditions. Certain materials, for example, have higher insulating characteristics and can 

assist in retaining heat and moisture more efficiently. 

Figure 1 depicts a schematic of the examined phenomenon occurrence together with 

its controls and monitoring mechanisms. 
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Figure 1. Scheme of the studied phenomenon 

 

 

The data set used in this study was selected from the experimental work of Petrakis et 

al. (2022), where we used 1,987 observations with an estimated time difference of 10 

minutes from the temperature and moisture data inside the greenhouse, and we divided 

this data into two parts, the first with a total of 1700 data for training and a total of 287 

data for testing. Figure 2 shows the data of temperature and moisture  .As for the 

greenhouse targeted in the study, it consists of 4 units featuring a glass cover, the size of 

each unit is 199.68 cubic meters, with a height of 3.9 meters above the ground. 

 

Figure 2. Temperature (C°) (a) and Moisture (g/m³) (b) time series outside the greenhouse 

 

 

Method 

ARIMA and ARTFIMA models 

Autoregressive integrated moving average (ARIMA) models predict future values 

based on past values, it gauges the strength of one dependent variable relative to other 

changing variables (Box and Jenkins, 1976). 

A stochastic process (𝑋𝑡)𝑡≥0 is said to be an ARIMA (𝑝, 𝑑, 𝑞) an integrated mixture 

autoregressive moving average model if it adheres to Equation (1), the elements of which 

are shown in Equations (2) and (3): 
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 ( )(1 ) ( ) 0d
t tL L X L t  − =   (Eq.1) 

 

where 𝑑 ∈ ℕ, 𝐿 is lag operating, 𝜀𝑡 ∼ 𝒩(0, 𝜎2) i.i.d. errors, with 𝜎2 < ∞. 

 

 ( )1( ) 1  with  0p
p pL L L   = − −− 

 
(Eq.2) 

 

 ( )1( ) 1  with  0q
q qL L L   = − −− 

 
(Eq.3) 

 

In the case of 𝑑 = 0, we obtain Equation (4) of ARMA (𝑝, 𝑞) process: 

 

 ( ) ( ) 0t tL X L t   =   (Eq.4) 

 

According to Sabzikar et al. (2015) if 𝑑 ∈ ℝ, we get Fractional ARIMA (ARFIMA). 

ARTFIMA is defined by Equation (5) as follows: 

 

 ( )( ) 1 ( ) 0
d

t tL e L X L t  −− =  
 

(Eq.5) 

 

 

SVM model 

Support vector machine (SVM) analysis is a popular machine learning tool for 

classification and regression, it is considered a nonparametric technique because it relies 

on kernel functions (Vapnik, 1995). 

Given deviation data of training 𝑥𝑖(1,2, . . . . . . . , 𝑚) where 𝑥𝑖 ∈ ℝ𝑛is the input vector 

with 𝑛 −dimension, 𝑦𝑖 ∈ ℝ𝑛 is the associated desired output value of 𝑥𝑖. Then the SVMs 

model is formulated in Equation (6) as follows: 

 

 ( ) ( )f x w x b= +
 (Eq.6) 

 

where (𝜙(𝑥)) is called the feature that is not linearly mapping from the input space 𝑥. 

The 𝑤 and 𝑏  are coefficients that are estimated by minimizing the regularized risk 

function shown in Formula (7):  

 

 
1

1
min ( ( ), )

2

m
T

i
w w C L y f x x

=
+  −

 
(Eq.7) 

 

where 𝐶 is the regularized constant determining the trade-off between the empirical error 

and the regularization term, The larger the constant 𝐶  is, the more the minimum 

experience risk is emphasized, and the lower the generalization of function 𝑓. 

Using the Lagrange function and duality theory, and with the kernel function 𝑘(𝑥, 𝑥) 

introduced, the function given in Formula (7) can be transformed into a quadratic 

programming problem can be transformed into a quadratic programming problem in 

Equation (8) as follows: as follows: 

 

 ( )( ) ( ) ( ) ( )
, , 1 1 1

min ,
i j

m m m

i i j j i j i i i i i
i j i i

k x x y
 

          

= = =

 − − +  +  −ň
 

(Eq.8) 
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0 , , 1,2,....,i i C i m   =
 

 

where 𝛼𝑖 and 𝛼𝑖 ∗ are Lagrange multipliers. They are obtained by solving this quadratic 

programming problem, and the input vector 𝑥𝑖 corresponding to the nonzero 𝛼𝑖 and 𝛼𝑖 ∗  

is the support vector. Thus, As may be seen below, Equation (6) is transformed into 

Equation (9): 

 

 ( ) ( ) ( )
1

, , ,
m

i i i i i j
i

f x k x x b    

=

=  − +
 

(Eq.9) 

 

Now, we can forecast using the equation above. 

Hybrid methodology forecasting 

Based on the relationship (10), we divide the time series into training set which is 

composed of 1700 observations and test set composed of 287 observations. We use the 

test set to validate the results: 

 

 t t tX Y U= +
 (Eq.10) 

 

where 𝑋𝑡  is decomposed into two parts linear component 𝑌𝑡 and nonlinear component 

𝑈𝑡, we apply statistical models (ARIMA and ARTFIMA) which are more suited to linear 

pattern 𝑌̂(𝑡), then the difference  𝜀𝑡  =  𝑋𝑡 −  𝑌̂(𝑡) is the residual. The residual series 𝜀𝑡 

contains the nonlinear parts, thus we use SVM and to fit residuals gives the predicted 

values 𝑈̂(𝑡), finally we combine the two predictive results in Equation (11): 

 

 )ˆ ˆ ˆ( ) ( ( )t t tX t Y t U t= +  (Eq.11) 

 

 

Augmented Dickey-Fuller model  

The Augmented Dickey-Fuller test is a statistical test that is utilized for the purpose of 

validating or invalidating the null hypothesis that an autoregressive model that is applied 

to time-series data contains a unit root. The existence of a unit root suggests that the data 

from the time series is non-stationary, which means that it exhibits some kind of structure 

that is reliant on the passage of time, such as a trend or seasonality. 

The fundamental model of the Augmented Dickey-Fuller test can be seen below in the 

form of Equation (12), which reads as follows: 

 

 1 1 1 1 1Δ Δ Δt t t p t p ty t y y y     − − − − −= + + + + + +
 (Eq.12) 

 

where 𝛥𝑌𝑡 = 𝑌𝑡 − 𝑌𝑡−1, 𝑌𝑡  is the time series and 𝑌𝑡−1  is lag 1 of time series , 𝛼  is a 

constant, 𝛽 is the coefficient on a time trend, and 𝜀 is white noise. 

The null hypothesis of the test is that the time series can be represented by a unit root, 

and that it is not stationary (it has some time-dependent structure). The alternative 

hypothesis (rejecting the null hypothesis) is that the time series is stationary. If the p-value 

obtained from the test is less than the critical value, usually 0.05, you reject the null 

hypothesis in favor of the alternative hypothesis. 
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Practical implementation of the proposed hybrid ARTFIMA-SVM and ARIMA-SVM 

models 

The hybrid ARTFIMA-SVM and ARIMA-SVM models have demonstrated their 

potential in practical applications by providing improved predictive capabilities. These 

models are particularly valuable in sectors and fields where accurate forecasting of 

environmental parameters, such as temperature and moisture, is essential. The following 

is a sequential breakdown of the practical implementation of the proposed approach: 

Data Collection: The initial stage would entail acquiring an ample amount of historical 

data pertaining to the specific variable under investigation, such as temperature, moisture, 

stock prices, or any other form of time-series data. 

Data Pretreatment: Data preprocessing is an essential step in preparing data for 

analysis, particularly in the context of time-series analysis. Prior to applying any model, 

it is often necessary to do various operations such as data cleaning, normalization, and 

transformation. These processes are undertaken to ensure that the data is appropriately 

formatted and meets the requirements of the research being conducted. 

Initial Projection Utilizing ARIMA or ARTFIMA: The ARIMA or ARTFIMA model 

employed to analyze the preprocessed data and produce an initial forecast. The 

aforementioned models possess the ability to effectively represent the fundamental 

patterns, cyclicality, and additional linear elements that are inherent in the given dataset. 

Determine Residuals: Following the first forecast, compute the residuals, which denote 

the disparities between the observed values and the values anticipated by the ARIMA or 

ARTFIMA model. 

Training for SVM on Residuals: The residuals can be utilized as the input for training 

the Support Vector Machine (SVM) model. The support vector machine (SVM) will 

attempt to capture the non-linear patterns present in the residuals, which were not 

adequately represented by the ARIMA or ARTFIMA models. 

Final Projection: The final forecast entails integrating the original forecast generated 

by either the ARIMA or ARTFIMA model with the predictions derived from the support 

vector machine (SVM) on the residuals. The resulting forecast will be optimized to 

account for both linear and non-linear tendencies. 

Effectiveness Evaluation: The performance evaluation of the model can be conducted 

by utilizing metrics such as Root Mean Square Error (RMSE), Mean Square Error (MSE), 

Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE). A more 

favorable model fit would be indicated by lower values on these metrics. 

Iterative Modification: Iterative refinement involves the process of iteratively 

adjusting the model parameters to enhance performance, taking into consideration 

performance measures and potentially additional domain-specific factors. 

Results  

Analyzing temperature and moisture time series 

To analyses the temperature and moisture time series, we go through four steps. First, 

we perform the stability test of the statistical series, then we examine the degree of 

correlation between the data, then we proceed to the construction of prediction models 

using the methods mentioned in section (2.2), and finally these models are evaluated by 

a set of indicators. 
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Stationarity test 

The first step in the process is to determine whether the time series is stationary or not. 

Analysis of the behavior of the data and prediction of the future are more accurate when 

the time series are stationary or converted from non-stationary to stationary using 

statistical methods and procedures. 

The Augmented Dickey-Fuller model Dickey-Fuller test (Mushtaq, 2011) was used in 

our survey to check the stationarity of temperature and moisture time series, and the 

results are as follows: 

For temperature time series, Dickey-Fuller = -6.7067, p-value = 0.01. 

For moisture time series, Dickey-Fuller = -7.4446, p-value = 0.01. 

The p-value is lower than the significance level and the test statistic is more negative 

from the critical value at this significance level, you can reject the null hypothesis (not 

stationary) and conclude that the time series is stationary. 

Autocorrelation and partial autocorrelation function 

Time series analysis uses the autocorrelation function (ACF) and partial 

autocorrelation function (PACF) to find patterns in the data. Both ACF and PACF 

measure the correlation between a time series and its lagged values. However, PACF only 

measures A after removing the influence of the intermediate lags. Figures 3, 4, 5 and 6 

show the correlation coefficients for each lag in two time series related to temperature 

and moisture using ACF and PACF function. 

 

 

Figure 3. Correlation coefficients for each lag 

time in temperature time series using ACF 

function 

Figure 4. Correlation coefficients for each lag 

time in moisture time series using ACF function 

 

 

 

Figure 5. Correlation coefficients for each lag 

time in temperature time series using PACF 

function 

Figure 6. Correlation coefficients for each lag 

time in moisture time series using PACF 

function 
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The greater the lag time in the values for the temperature and moisture time series. 

Correlation strength decreased. There is also a direct correlation when using the ACF 

function, and an inverse correlation when using the PACF function. 

 

Construction of the models 

Using historical data, we developed models in this research study and used the 

approaches and procedures described in section (2.2). In particular, we analyzed two 

independent time series data sets, one for temperature and the other for moisture, using 

the ARIMA model. We were able to establish the proper ordering for the moving average 

and autoregressive components by training the models with the data. The models that 

emerged were determined to be non-zero mean ARIMA (5; 0; 1) and ARIMA (4; 0; 4) 

respectively. The following are the Equations (13) and (14) for these models that were 

provided in the study. 

 

 ( )2 3 4 51 0.1117 0.5972 0.0195 0.0083 0.1316 17.5988 (1 0.7457 )t tL L L L L X L + − − + − = + −
 
(Eq.13) 

 

 
( )

)

2 3 4 2

3 4

1 1.1092 0.2946 0.0007 0.4101 17.5988 (1 0.6625 0.0868

0.6104 0.3609

t

t

L L L L X L L

L L 

− − + + = + − +

+ +

+

 

(Eq.14) 

 

Now, we implement the ARTFIMA (0;1.828;0) and ARTFIMA (0;1.679;0) model for 

both time series of temperature and moisture which is a semi-long-term dependence, and 

the model is expressed in Formulas 14 and 15 as follows: 

 

 ( )
1.828

0.041 55.746t te L X −− = +
 

(Eq.15) 

 

 ( )
1.679

0.071 17.207t te L X −− = +
 

(Eq.16) 

 

We estimate the parameters in ARIMA and ARTFIMA using Maximum likelihood 

estimation. Then we present the forecasting results in the following Figures 7,8. 

 

 
(a) (b) 

Figure 7. Prediction results of the ARIMA and ARTFIMA model for temperature (a) and 

moisture (b) 
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(a) (b) 

Figure 8. Prediction results of the ARIMA-SVM and ARTFIMA-SVM model for temperature (a) 

and moisture (b) 

 

 

Following the prediction provided by the ARIMA and ARTFIMA models, we implement 

the hybrid prediction methodology using SVM-ARIMA and SVM-ARTFIMA, in which 

the non-linear patterns in the residual errors are captured and then re-predicted by SVM  

and these predictions are added to the ARIMA and ARTFIMA predictions to obtain final 

time series forecasts for text data set, as shown in the figures below. 

 

Accuracy of the models 

Common indicators utilized evaluate the effectiveness of a predictive model include 

mean square error (MSE), root mean square error (RMSE), mean absolute error (MAE), 

and mean percentage error (MAPE). The Formulas (17) to (20) are regarded as 

mathematical expressions used for the computation of indicators. 
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where 𝑛 is the total data set, 𝑋𝑡 represents the real value, and 𝑋̂𝑡 represents the predicted 

value  .The MSE computes the mean squared difference between the expected and actual 

values. A more understandable statistic, expressed in the same units as the target variable, 

is given by the RMSE, which is the square root of the MSE. The mean absolute difference 

between the expected and actual values is measured by MAE. In comparison to MSE and 

RMSE, it is less susceptible to outliers. The average relative error between the anticipated 

and actual values is measured using MAPE. 



Seba et al. : Hybrid approach for prediction of temperature and moisture in greenhouses using ARIMA, ARTFIMA and SVM methods 

- 5747 - 

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 21(6):5737-5751. 

http://www.aloki.hu ● ISSN 1589 1623 (Print) ● ISSN1785 0037 (Online) 

DOI: http://dx.doi.org/10.15666/aeer/2106_57375751 

© 2023, ALÖKI Kft., Budapest, Hungary 

Tables 1 and 2 present the indicators used to evaluate the effectiveness of predictive 

models for time series temperature and moisture in greenhouses. 

 
Table 1. Error values for temperature forecasting models with four indicators 

     Indicators      

   Models 
RMSE MSE MAE MAPE 

ARIMA 5.58 31.17 5.01 0.42 

ARTFIMA 6.16 38.01 5.62 0.44 

ARIMA-SVM 0.80 0.64 0.50 0.03 

ARTFIMA-SVM 0.79 0.62 0.44 0.02 

 

 
Table 2. Error values for moisture forecasting models with four indicators 

           Indicators 

   Models 
RMSE MSE MAE MAPE 

ARIMA 28.84 808.96 26.33 0.39 

ARTFIMA 22.72 516.40 20.92 0.32 

ARIMA-SVM 2.01 4.04 1.55 0.02 

ARTFIMA-SVM 1.94 3.79 1.46 0.02 

 

 

Discussion 

The lack of prediction and prior detection of the temperature and moisture level inside 

the greenhouse can cause significant damage to the product. Therefore, establishing an 

effective monitoring and warning system to make intelligent decisions and manage the 

indoor environment is a major scientific and technical challenge that must be addressed 

immediately. As temperature and moisture content are not always stable, the traditional 

statistical models used for forecasting often fail to provide reliable results. To overcome 

this issue, we employed hybrid prediction models based on data analysis and machine 

learning techniques to estimate temperature and moisture from sensors within the 

greenhouse in real time. 

The model suggested in this paper can be used in the following aspects: 

• Examining the performance of control systems and detecting any trends or 

anomalies in the data by analyzing time series of temperature and moisture changes 

inside the greenhouse. This can help optimize greenhouse design, management, 

resource utilization, and production conditions. 

• The analysis of time series data can assist forecast temperatures and moisture levels, 

allowing for proactive greenhouse management to minimize any negative impacts 

on production. 

Based on the preceding findings and the associated error metrics, the hybrid models 

ARIMA-SVM and ARTFIMA-SVM demonstrate a sophisticated methodology for time-

series prediction, particularly in complex domains such as environmental science, where 

variables such as temperature and moisture levels are subject to both linear and non-linear 

dynamics. Traditional approaches such as ARIMA (AutoRegressive Integrated Moving 

Average) and ARTFIMA (AutoRegressive and Fractionally Integrated Moving Average) 

have been developed to effectively address linear correlations and accurately capture 

trends and seasonality. Nevertheless, their performance may be compromised in 
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situations where data demonstrate nonlinear phenomena, a common occurrence in several 

natural systems. 

In contrast, Support Vector Machines (SVM) are designed with the explicit purpose of 

detecting and representing intricate, non-linear associations within datasets. The 

combination of ARIMA or ARTFIMA with SVM results in the creation of a multi-layered 

model. The initial layer of analysis involves the utilization of either the ARIMA or 

ARTFIMA model, which effectively captures the linear trends and autocorrelations 

present in the data. The residuals, which refer to the discrepancies between the predicted 

values and the actual values, are subsequently transmitted to the Support Vector Machine 

(SVM) layer. In this context, the Support Vector Machine (SVM) aims to minimize the 

residuals, with a particular emphasis on capturing the non-linear characteristics that may 

have been overlooked by the ARIMA or ARTFIMA models. 

Furthermore, the ARTFIMA model introduces an additional level of intricacy by 

possessing the capability to accommodate long-memory characteristics. Long-memory 

refers to the capacity of a system to retain or be impacted by its past values over an 

extended duration. The long-term effects of some factors are particularly significant in 

the context of environmental data analysis. 

The root mean square error (RMSE), mean square error (MSE), mean absolute error 

(MAE), and mean absolute percentage error (MAPE) are all important metrics for 

evaluating the performance of models in the context of time series forecasting. Each 

serves a distinct purpose in evaluating differences between predicted and actual data, with 

lower values indicating greater model accuracy. 

The ARTFIMA-SVM hybrid model shows good performance in analyzing 

temperature data, as evidenced by exceptionally low values of root mean square error 

(RMSE) at 0.79, mean square error (MSE) at 0.62, mean absolute error (MAE) at 0.44, 

and The absolute percentage error (MAPE) is set at 0.02. 

The humidity dataset also shows comparable advantages. The hybrid model, known as 

ARTFIMA-SVM, shows root mean square error (RMSE), mean square error (MSE), 

mean absolute error (MAE), and mean absolute error (MAPE) values of 1.94, 3.79, 1.46, 

and 0.02 over straight. While these values differ slightly compared to the ARMA-SVM 

model, whether in temperature or humidity. 

The comparative analysis of the ARIMA model and its hybrid ARIMA-SVM 

counterpart demonstrates a significant disparity in performance. The root mean square 

error (RMSE) values for temperature and moisture, obtained solely by the application of 

the ARIMA model, are 5.58 and 28.84, correspondingly. The observed values exhibit a 

notable level of elevation in comparison to the ARIMA-SVM model, which demonstrates 

considerably superior accuracy rates. The observed pattern remains consistent for mean 

squared error (MSE) values, with temperature and moisture exhibiting values of 31.17 

and 808.96 respectively. Similarly, mean absolute error (MAE) values for temperature 

and moisture are 5.01 and 26.33 respectively. Additionally, the mean absolute percentage 

error (MAPE) values for temperature and moisture are 0.42 and 0.39 respectively. The 

observed discrepancy in error rates highlights the intrinsic limits of the ARIMA model in 

accurately representing the intricate intricacies and non-linear patterns present in real-

world time-series data. The inherent limitations in its capacity to comprehensively 

encompass intricate phenomena are highly evident, and the deficiencies in its ability to 

accurately forecast outcomes are not trivial, but rather substantial. 

In a similar vein, it is worth noting that the ARTFIMA model, when considered 

independently, exhibits certain drawbacks. The model's root mean square error (RMSE) 
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values for temperature and moisture are 6.16 and 22.72, respectively. The mean square 

error (MSE) values are 38.01 and 516.40, while the mean absolute error (MAE) values 

are 5.62 and 20.92. Additionally, the mean absolute percentage error (MAPE) values for 

temperature and moisture are 0.44 and 0.32, respectively. Although ARTFIMA 

demonstrates the capability to incorporate long-memory and fractional differencing, it 

exhibits limitations in capturing non-linear dynamics, as evidenced by its comparatively 

higher error metrics in relation to the ARTFIMA-SVM model. 

The large variation in observed error measures between the hybrid model and 

individual models, such as ARIMA or ARTFIMA in isolation, provides compelling 

evidence that the integration of linear and nonlinear modeling techniques results in a 

powerful forecasting tool. The ARTFIMA-SVM hybrid model is a very reliable choice 

for applications that prioritize accurate time series forecasting. It offers a powerful 

alternative to models that focus only on linear or nonlinear features, due to its remarkably 

low error rates. 

It is known that the goal of SVM in a hybrid ARIMA-SVM and ARTFIMA-SVM 

model are to increase forecast accuracy by utilizing the SVM method to anticipate the 

residual of ARIMA and ARTFIMA errors, this can increase the predictability of 

complicated and unstable time series. Is clearly visible from the forecast comparison 

between Figure 7 and Figure 8. 

In contrast, the two proposed models in this paper rely on hybridization between a 

statistical method for predicting statistical chains and machine learning technology, and 

a method for predicting temperature and moisture level inside greenhouses, which is one 

of the methods for predicting nonlinear data. And then deduce the direction of changes in 

temperature and moisture. The benefits are clear when compared to automated 

approaches for estimating greenhouse temperature and moisture levels. First, reduced 

modeling data needs lead to cheaper modeling costs. Hence, in locations where there is a 

paucity of data for greenhouses, this approach can be used to predict the temperature and 

moisture level inside greenhouses. 

Due to the strong application of ARIMA-SVM and ARTFIMA-SVM models for 

analyzing and predicting nonlinear problems in an uncertain environment, the prediction 

reliability of the two models is good. As a result, the accuracy of quality prediction is 

increased. 

Conclusion 

This study presented two hybrid models, ARIMA-SVM and ARTFIMA-SVM, to 

increase the precision of forecast data for temperature and moisture in inner greenhouse. 

Where the both models ARIMA and ARTFIMA model the trend and seasonality of the 

time series with the calculation of the residual errors between the observed values, where 

the residual errors are used as input data for the SVM algorithm to predict the residual 

errors in the future, and then additional error predictions are added to the trend of the 

model and the seasonal forecast to obtain the final prediction of the time series. 

The result indicated that among the hybrid models better performance than single 

models, ARTFIMA-SVM also showed the best performance in terms of low RMSE, 

MSE, MAE and MAPE value compared to ARTFIMA-SVM. 

We may utilize the two models ARTFIMA-SVM and ARTFIMA-SVM as a 

preventative step to employ the required tools to manage the temperature and moisture 
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within the glass houses in order to acquire the suitable environment for the products 

quality. 

The two models put forward in this study still have much room for improvement. Both 

ARTFIMA-SVM and ARTFIMA-SVM models proposed in this paper ignore the external 

environment, which has a greater influence on changes in temperature and moisture and 

may interfere with the prediction process, thus reducing accuracy. It uses only the 

previous data on the temperature and moisture inside the greenhouse. Ways to minimize 

the involvement of external elements or to take into account the effects on the internal 

environment still need to be sought. 
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