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A Forecasting Method Based on ARIMA Model
for Best-Fitted Nutrition Water Supplement on
Fruits
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Abstract: The main focus of this research is to promote a
forecasting method in the greenhouse of cultivation for the
nutrition water level of strawberry fruits. In the greenhouse of
cultivation, this study selects strawberry fruits as the focus on
research. With adequate nutrition water supply conditions, the
autoregressive integrated moving average and seasonal
autoregressive integrated moving average (ARIMA-SARIMA)
were utilized to create forecasting for the nutrition water level of
strawberry leaves in the fruit greenhouse of cultivation, thus
forecasting strawberry's nutrition water rate through greenhouse
environmental parameters. Next, the multi-scale feature vectors of
greenhouse temperature and nutrition water parameters in the
greenhouse have been extracted by using the data pre-processing
method to eliminate the testing and training value of variables,
thus improving the forecasting and generalization ability of the
model. The extracted feature vectors have been used to train and
optimize the SARIMA model, finally obtaining the forecasting
model of nutrition water rate of strawberry fruits leaves in the
greenhouse of cultivation, which has been compared in
experiments with the autoregressive integrated moving average
and seasonal autoregressive integrated moving average (ARIMA SARIMA) model. The results indicate that when training samples
become a certain amount, the forecasting accuracy and regression
fitting degree of ARIMA - SARIMA can be higher than that of the
two traditional models. We forecasted that the strawberry
greenhouse included 233 samples collected from a strawberry
greenhouse in South Korea, and the 6 variables involved are
greenhouse maximum temperature, greenhouse minimum
temperature, greenhouse average temperature, quality of nutrient
water, humanity, and CO2, which would influence the strawberry
growth in production concentration directly or indirectly with the
variation of nutrition water every day.
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I. INTRODUCTION
This study, greenhouse, functions as among the most
important characteristics of nutrition water for commercial,
greenhouse and agricultural supplies, but nutrition water
resources have been using in many areas of the greenhouse.
Resources are consumed at unsustainable levels and aroused
various environmental and geological problems that
seriously hamper the national economy's growth. To assist
nutrition water for using in the effective management of
greenhouse resources, it is necessary to develop a model of
high precision for the forecast nutrition water level. Over the
past year, nutrition water has the best way to keep up with
continuous increases in greenhouse strawberry production,
there are many approaches to nutrition water model that have
beaning applied to forecast fluctuations in the nutrition water
level within which; are the main climatological variables and
describe the complex arrangement of aquifers. Nonetheless,
in practice, these design methods have some limitations; for
example, a model requires a large number of accurate data. In
the event of insufficient data, accurate forecasting is more
critical than understanding the surface water system's actual
variable behaviour; thus, analytical models are suitable
alternatives, since the models are available to produce
accurate and reliable results without costing calibration time.
Autoregressive integrated moving average (ARIMA) model
is one of the empirical models with its specific characteristics
that allow the system to be analyzed to generalize. This
research also explores the relationship of greenhouse
temperatures with other parameters of Co2 such as humidity,
nutrition water heat. The aim of this paper is to use time
series tools such as ARIMA and SARIMA model in time
series forecasting. The statistical model generally works well
in cases where lass is known as the underlying mechanism.
The models will provide short-and medium-term food water
forecasts. Using several statistical methods, the ARIMA and
SARIMA output model will be tested. This research also
examines the relationship of nutrition water with other
parameters of growth of greenhouse strawberry such as
humidity, Co2, temperature around other nutritional water,
etc. The outcome form this paper can be utilised for
decision-makers for their planning for future and how to
maintain nutrition water in Greenhouse strawberry growth.
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II. MATERIALS AND METHOD
A. Strawberry growth details
Strawberry growth is considered as the healthiest rising
economy. Due to the high domestic demand of strawberry for
every season, the production in greenhouse is increasing.
Since the strawberry plant has an extremely shallow root sys
tem with roots reaching just about 6-inches deep in clay loa
m soils, and because flower blooms can be destroyed by spri
ng frosts, irrigation is either strongly recommended or requir
ed, depending on the production system. Water quality and
site selection of a well-tended strawberry bed will produce a
good crop of berries for 3-5 years before the plants begin to
decline, at which point the bed should be replanted [1]. A bed
of 100 plants will provide about 100 quarts of berries, enough
to provide a family of four with plenty of fresh berries as well
as the surplus for freezing. This study uses two types of the
strawberry bed, to find which bed produces the best
predicting of strawberry growth and best prediction of
strawberry growth and the performance with the help of
linear regression and correlation method. Finally, in result
and discussion, we will show the best prediction of
strawberry growth team annual precipitation is 55 mm
(2015–2016), occurring mainly during autumn and winter.
I measure readings of water quantity of strawberry plant
with a factor and temperature correction. We take this data on
strawberry growth during the autumn and winter season,
because it depends on temperature, it is more admitted to the
level of nutrition water [2]. The activity of the water curtain
system is close to changes in the minimum daily night-time
temperature, and farmers seldom use the system when the
forecast minimum night-time temperature is approximately 0
° C. If outdoor air temperature reaches above 0 ° C at night,
the temperature of the indoor air remains equal to or above 5 °
C (the optimal temperature for strawberry cultivation) for the
heat accumulated during the day and the insulating effects of
the plastic cover.
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These strawberry data are based on nutrition water quantity,
humidity, co2, greenhouse average temperature etc. Data
were collected from a local strawberry park in Korea. 233
samples collected from greenhouse strawberry were collected
by locally experienced strawberry growth, where all the
sample were either healthy or unhealthy. The samples were
taken to the analysing for a relationship in strawberry
acquisition after collecting the nutrition water quantity and
temperature Table 1 shows the data variables.
▪ Strawberry growth system: greenhouse maximum
temperature and greenhouse minimum temperature
greenhouse average temperature, quality of irrigation water,
humanity, Co2 enrichment in greenhouse.
▪ This plan focused on the prediction of strawberry growth
level and time (using nine month 24hour data). the shorter
taught how to classify strawberry plant by size, variety and
stage of strawberry growth using a ARIMA and SARIMA

B. Strawberry Data Properties Determination
In this study, we have used the greenhouse strawberry data in
the year September 2015 to May 2016.
Table- I: Data variables and description
Parameters/Features
Date
Water Consumed
Greenhouse
Maximum
Temperature
Greenhouse
Minimum
Temperature
Greenhouse Average
Temperature
Greenhouse
Temperature Gap
Greenhouse
Maximum Humidity
Greenhouse
Minimum Humidity
Greenhouse Average
Humidity

Abbreviation
Date
Water

Measurement
Milli Litres
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Fig.1. Real data variables density value
The data collected were rearranged and modified to remove
the probable size for the first time. The strawberry data in
greenhouse were used to determine horizontal water
consumed over a span of 9 months. Figure 1 provides an
overview of the function of density.
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C. ARIMA Model
Forecasting of the time series is a multidisciplinary scientific
material used to solve issue of forecast [3]. It is easy and
flexible to implement because it requires only historical
observations of the necessary variables. Box and Jenkin
presented ARIMA for the first time in 1976. The general
equation of successive differences at the dth difference of X t
is as follows: figure 1 show the flowchart of time series
model

The most commonly used variable is the RMSE. The main r
eason for this is its simplicity and use in other datasets. It ha
s been described as

d is the difference order and is normally 1 or 2, and B is the
backshift operator. The successive difference at one-time lag
equals to,

MPE is the percentage of error that occurred on average
forecasting. MAPE, except that it indicates the error path.
Conversely, signed errors impact and cancel each other.

The percentage size of the error is measured by the MAPE.
The sum of the unsigned percentage error is determined

The general ARIMA (p, d, q) is briefly expressed as follows

where Φp(B) is an auto-regressive operator of order p, θq(B)
is a moving average operator of order q,
and Wt = ΔdXt.
D. SARIMA Model
The model of ARIMA is non-seasonal. This model has been
generalized by Box and Jenkins to deal with seasonality.
Their model is known as the prototype of the seasonal
ARIMA (SARIMA) [4]. In this method, to exclude
non-stationarity from the sequence, the seasonal distinction
of correct order is used. A seasonal variation in the first order
is the difference between an observation and the
corresponding observation from the previous year and is
determined from Zt= Yt-Yt-s with s= 9 for monthly time
series and s= 4 for quarterly time series. This model is
commonly referred to as the SARIMA model (p, q, I (P, D,
Q) SARIMA (p, q, i) × (P, D, Q) model in terms of lag
polynomials is given below: figure 1 show the flowchart time
series model.
Fig. 2 Flowchart of the proposed procedure
III. RESULT AND DISCUSSION
E. Forecast Performance Criteria
It is important to estimate the structure of the time series and
evaluate the quality of the best-suited version before
forecasting. In the research, there are many descriptive
statistics available to assess some time series or econometric
model's forecast errors [5]. The following contemporary
template selection criteria, such as mean absolute error
(MAE), root mean square error (RMSE), mean absolute
percent error (MAPE), and mean percentage error (MPE), are
used to identify the best model for production in strawberry.
The MAE is a quantity used in statistics to calculate how
close estimates or projections are to the possible outcomes.
gives the mean absolute error.
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For the development and testing of an ARIMA system,
stationary time series data are prerequisites. The data
collected were analyzed and the first distinction was applied
to the stationarization of data. A Phillips–Perron test was
performed using a mat lab code (pptest) to determine the first
stationary difference in the results. This experiment will
determine the null hypothesis of a unit root in a univariate
time. [6] Yt = c + δt + a Yt - 1 + e(t). The assumption of zero
limits to equal 1. The test models, suitable for series with
different production characteristics, restrict the coefficients
of drift and deterministic trend (i.e., c and d, respectively) to
0. The experiments use updated statistics from Dickey-Fuller
to compensate for serial comparisons in the (t) innovation
phase.
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The h= 1 Phillips – Perron test result shows that the first
difference will adequately stationarize the data consumed by
strawberry's monthly heat. Also, Figure 3 displays stationary
time series data for 9month 24hour data greenhouse
strawberry nutrition water consumed after the first difference
was applied. The fluctuation clearly is around zero; therefore,
they can be considered stationary. This result shows that the
first difference is adequate and further processing of data is
unnecessary.

Fig.4. ACF and PACF plot nutrition water consumed

Fig.3. The nutrient water consumed by strawberry plants
each day from September 2018 to May2019
The second difference is sufficient to stabilize the variance
and make the data stationary, i.e. the order of difference is
two, which is integrated of order two. The alternative positive
and negative auto-correlation function (ACF) (Figure 4 (left
side)) and the exponentially decreasing partial
auto-correlation function (PACF) (Figure 4 (right side))
indicate that strawberry production development follows an
autoregressive moving average process [7]. The PACF with a
significant spike at lag 1 and ACF with a significant spike at
lag 1 suggest that autoregressive first order and moving first
order average were successful for Strawberry greenhouse
output.

Figure 4 shows that for the consumed nutrition water (a)
significant autocorrelations are resent at 12-fold lags,
suggesting a seasonal action every 9 months. Nevertheless, in
shorter
lags,
there
are
potentially
significant
auto-correlations. PACF declines after the fourth delay, so
there is ACF declines then the second lag and, accordingly,
the proposed SARIMA model is ARIMA (0,1,3), (0,1,1) with
a seasonal auto-regression (AR) of 12 and a moving average
(MA) of 12. All possible combinations were tried with the
smallest RMSE to determine the best model. Then the second
lag of ACF with a low lag decline for PACF, the model
showed reasonable results (statistically significant results)
[8]. Therefore, ARIMA (4,0,2), (2,0,0) was supposed to be
the final version. Once, attempts were made to determine the
splendid model and improve the model system through all
possible combinations
Using the preliminary method, it is clear that SARIMA
(0,1,3) is the best-selected model for AIC = 5732.3, AICc =
5732.42 and BIC = 5753.39 to forecast growth in Greenhouse
Strawberry. Shown in Table 2
Table- II: Summary statistics of the SARIMA (0,1,3)
model
Model Performance
Parameter
Estimates

Std.Error

Z-Value

P-Value

AR(1)

-0.137

0.0494

-2.7714

0.0055**

MA(1)

-0.838

0.0248

-3.7901

2.20E-01

SMA(1)

-0.003

0.0452

-0.0755

0.9398

Table 3 summarizes the ARIMA (4,0,3) Is the best-selected
development forecast model in greenhouse strawberry with
AIC = 5949.69, AICc =5950.39 and BIC= 5992.64. The
estimates of the parameters of the fitted ARIMA (0,1,3).
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Table- III: Summary statistics of the ARIMA (4,0,2)
model
Model Performance
Parameter

Estimates

Std.Error

Z-Value

AR(1)

P-Value

0.06

0.466

1.306

0.1914

MA(1)

-0.049

0.047

-1.028

0.3038

MA(2)

0.562

0.02

-7.182

2.2e-16**

The standardized residual among them the forecast and
scientific value for weekly nutrition water consumed were
calculated for testing the product method. Figure 5 exposes
that most of the standardized residuals for weekly nutrition
water forecasts are between 1; thus, the standardized
residuals the value of the proposed ARIMA system can be
assumed to be automatically distributed [9]. The standardized
residuals good and bad values often show model quality and
imply that the expected values are sometimes higher or lower
than the original values. Although some residuals fall further
than the 2 limits, they reflect a limited number of readings
and still remain within the 95% confidence interval that has
been accepted. Ljung-Box test is a goodness-of-fit test, and it
measures the skewness and kurtosis of the test data fit those
of a confidence interval. This test can provide a null
hypothesis decision. Whether the input data originates from a
confidence interval with an unknown mean and variance
[10]. The null hypothesis for the weekly greenhouse
temperature is tested using the Ljung-Box test and the results
of this study are in line with the scientific method at P =
1,887, which refers to the normal distribution and nutrition
water of the standardized residual.

The residual ACF and PACF were examined to assess the
expected data's white noise. Figure 5 displays the ACF and
PACF of the monthly nutrition water consumed models for
72 lags of residuals. The 72 lags presented are sufficient to
model goodness Ljung-Box because most of the spikes with a
propensity to decline are within the trust limits. The lags for
both monthly nutrition water consumptions are within the
essential value indicated by blue lines, and the residuals can
be regarded as uncorrelated, suggesting the accurate model's
goodness. The average number of residuals from ACF and
PACF are beyond the critical limit, but these are relatively
few and still within the 95% confidence interval accepted
[11].
Long-term forecasting for lead times of 9 months was
performed using the best models with real data of average for
weekly and nutrition water consumed. Figure 6 presents the
expected for weekly nutrition water consumed for the next 24
hours. The expected average for weekly nutrition water
consumed value was within the range of 150–450. The
common fluctuation trend was maintained, which can be
explained by variations in nutrition water consumed due to
change in greenhouse temperature conditions throughout the
month. The common trend of monthly nutrition water
consumption extended with time, as shown in Figure 6.it may
be due to extended average temperature levels of the
greenhouse as a result of nutrition water change and
strawberry depletion [12]. The monthly nutrition water
consumption is expected to reach 450. Figure 6 shows the
expected average amount of nutrition water consumption for
a month in advance. The fluctuation is existing for real
average nutrition water consumed, and this fluctuation is kept
with the forecasted values. The fluctuations for a forecasted
average amount of the nutrition water consumption seemed
to be larger in comparison with real inputs or forecasted
monthly greenhouse strawberry [13].
The most useful “forecasts accuracy value” of the ARIMA
and SARIMA model are shown in table 4.

Fig.5. ACF and PACF plot of residuals of the fitted
model water consumed data
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Fig. 6. ARIMA and SARIMA forecasts water data consumed by strawberry
Table- IV: The forecasting accuracy values of the ARIMA (4,0,2) and SARIMA (0,1,3) model
Training
Testing
Model
RMSE
MAE
MPE
MAPE
RMSE
MAE
MPE
MAPE
ARIMA

67.01

47.1

-15.66

32.84

68.77

47.85

-22.36

37.89

SARIMA

59.21

48.17

-19.66

35.71

61.21

48.9

-25.36

39.54

Finally, through the comparison test of the ARIMA and
SARIMA model, the accuracy of the selected models for
nutrition water in greenhouse strawberry and for precipitation
is shown in Table 4.
We selected the most appropriate model from the models
listed in Tables 2 and 3, which has the lowest forecast error
when comparing predicted data using an appropriate test set.
Also carried out was the Ljung-Box analysis and the p-values
obtained are shown in tables 2 and 3. It follows from the
above analysis that the statistical model that is the most
suitable model for the considered data sets depends on the
temperature zones from which they originate in the
greenhouse. However, the results obtained show that
applying SARIMA, ARIMA models to a nutrition water in
greenhouse strawberry and a time series of precipitation
provides valuable insights into the data structures studied and
their components, which is a good basis for a satisfactory
prediction. Table 4 and Figure 6 include examples of the
predictions generating the smallest RMSE and passing the
Ljung-Box test.
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