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Abstract

1t is very important to use appropriate nutrition water for crop growth in hydroponic farming facilities.
However, in many cases, the supply of nutrition water is not designed with a precise plan, but is performed in a
conventional manner. We proposes a forecasting technique for nutrition water requirements based on a data
analysis for optimal strawberry production. To do this, the proposed forecasting technique uses linear regression
for correlating strawberry production, soil condition, and environmental parameters with nutrition water
demand for the actual two-stage strawberry production soil. Also, it includes predicting the optimal amount of
nutrition water requires according to the heterogeneous cultivation environment and variety by comparing the
amount of nutrition water needed for the growth and production of different kinds of strawberries. We suggested
Study uses two types of section beds that are compared to find out the best section bed production of strawberry
growth. The dataset includes 233 samples collected from a real strawberry greenhouse, and the four predicted
variables consist of the total amounts of nutrition water, average temperature, humidity, and CO; in the
greenhouse.
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1. Introduction

Strawberries are one of the most familiar fruits worldwide due to its gross value of production and nutrients.
The growth of strawberries is considered as a full-fledged economy. Production in the greenhouse is increasing
as domestic demand for strawberries increases for each season. Competitive strawberry growing in certain
areas requires the knowledge of water requirements and physical or agricultural responses in potential
constraints to maintain environmental sustainability.

This research used two types of strawberry bed sections to find out which bed best initiates the growth of
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strawberries and produces with the help of linear regression and correlation method. Finally, in the results and
discussion, we will show the best provision of Strawberry development. We manage two beds such as linear
regression and correlation, which examine the relationship between the basic principles of strawberry growth
and overall performance on strawberry growth. In summary, we also investigated whether the amount of water
has any effect on change of proficiency.

2. Related works

We prove, we discuss the agriculture management and strawberry fruit production services described in
detail, identifying related research works. The present forecasting results might help policy makers to develop
macro-level policies for food security and more effective strategies for better planning strawberry production
at the field scale can be generalized, analyzed this artificial forecasting harvest area and production of
strawberry using time series analyses [1]. Application of precise control of apple scab and consequently
significant reduction of the use of pesticides in apple production with benefits for environment, human health
and economics of production was analyzed in the prediction of the apple scab using machine learning and
simple weather stations [2]. For strawberry cultivated in closed solar greenhouse, we develop the machine
learning models for forecasting agricultural products agricultural prediction model of transpiration rate of
strawberry in closed cultivation based on the DBN-LS SVM (Deep Belief Network and Least Squares Support
Vector Machine) algorithm [3]. The multispectral imaging technology, which is suggested together with a
suitable analysis model, estimates rapidly quality attributes and classifies efficiently ripeness stages of
strawberry, were analyzed the application of multispectral imaging to determine quality attributes and ripeness
stage in strawberry fruit [4].

The texture analysis for identifying roughness and ripeness stage of strawberry will be one of the scopes of
this work. Hyperspectral imaging for nondestructive determination of some quality attributes for strawberry
[5]. Because the forecast model effect was steady and the prediction method was also fast and easy, it became
a new method for nitrate examination in water quality. Using research on spectral detection of nitrate in water
quality based on K-S (Kennard-Stone) algorithm [6]. The aim of this study was to understand the flavor
components of eating quality of several strawberries as a tool to develop were analyzed the a sensory and
chemical analysis of fresh strawberries over harvest dates and seasons reveals factors that affect eating quality
[7]. The SSC (Soluble Solid Content) was lower in fruit grown at 22°C (5.4 vs. 6.6), but there was no effect of
transplant date. These results indicate that rising temperatures are responsible for the decline in soluble solid
content of fruit at the end of the growing season in were analyzed the late season decline in strawberry fruit
soluble solid content observed in Florida is caused by rising temperatures [8]. Strawberry breeding programs
should be able to rely on valid and simple methodologies for evaluating sensory quality of new cultivars of the
sensory characteristics of strawberry cultivars throughout the harvest season using projective mapping [9].

Artificial neural networks, fuzzy inference systems and the combination of these two are employed to
develop the prediction models of output energies for broiler production using linear regression, ANN (Artificial
Neural Network), MLP (Multi Layer Perceptron), RBF (Radial Basis Function), and ANFIS (Adaptive Neuro
Fuzzy Inference System) models [10]. There is an analysis method research based on bigdata and artificial
intelligence in order to distinguish fake news [11]. In this paper, we propose an ensemble model and apply it
to classification problems. In diabetic pima indian’s iris (immune reconstitution inflammatory syndrome) and
semiconductor fault detection problem, the model proposed in [12] has a good performance in classification,
compared to traditional single classifiers as like logistic regression, SVM (Support Vector Machine) and RF
(Random Forest).
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3. Materials and methods

In this study, we have used the Greenhouse strawberry data in the year of September 2015 to May 2016.
They base these strawberry data on nutrition water, average temperature, humidity, and CO,, etc. They
collected 243 data from a local strawberry park in Korea. The statistical collection for the greenhouse
strawberry growth was most popular among the past researchers, including linear regression. Correlation is the
first step to data exploration before going into more deep analysis and to select the variable that might be
related to one another, then the next step is to model the variable relationship using the linear regression that
puts the relation between the response variable and the predicted variable.

Correlation, the persistence of correlation analysis is to measure and interpret the strength of a linear or
nonlinear relationship between two continuous variables. When conducting correlation analysis, we use the
term relationship to mean “linear association” (1,2). Herein, we focus on the Pearson and Spearman correlation
coefficients. Both correlation coefficients take on values between -1 and +1, ranging from being negatively
correlated (-1) to uncorrelated (0) to positively correlated (+1). The sign of the correlation coefficient (positive
or negative) defines the direction of the relationship. The positive value indicates the strength of the correlation.
We elaborate on two correlation coefficients, linear and rank, that are commonly used for measuring linear
and general relationships between two variables.

In a linear regression, the independent variable to be predicted is identified using the independent variable,
which is used for prediction. The data can both be predicted through user based or context-based after finding
the correlation result.

3.1 Materials details

Fig. 1 shows the real data, which consist of strawberry nutrition water quantity, temperature, humanity and
CO; sensed from the bed A of the strawberry greenhouse for 43 days. The changes of the nutrition water
quantity values in A bed is 88.41 to 320.33 litter and production cell value is 0.88 to 17 kg, while bed nutrition
water and production growth also proceeded for 43 days.

0.0125-
0.0100-

0.0075- 015

0.0050- 1
- ;—WHFM? -
0.0000- T E

UI 160 260 360 460 560 5' 1‘0 15
usedMbSul A GHAveTemp

density

20 25

0.003-
0.002-

0.001-
- %\_—
0.00- = - T I =

0.000

density

a0 100 1000 2000 3000

|3'0 ?ID a0
GHAvehum GHAveCO2

Figure 1. Real data of strawberry nutrition water quantity, temperature, humanity and CO
in Bed A of the strawberry greenhouse
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Fig. 2 also shows the real data, which consist of strawberry nutrition water quantity, temperature, humanity
and CO; sensed from the bed B of the strawberry greenhouse for 43 days. The scale of nutrition water quality
is 94.47 to 328.05 litter used every day for 43 days. The total water is split into three varieties of the process.
First, consider that monitoring in every day is a frequency of water quantity per day, this 0 value is the holiday.
The production growth scale is 0.39 to 22.31 kg per day, while the nutrition water quality and production
growth per cell in Bed B also proceeded for 43 days.
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Figure 2. Real data of strawberry nutrition water quantity, temperature, humanity and CO: in
Bed B of the strawberry greenhouse

4. Result and discussions

All 233 valid samples have been divided into training set and testing set. The partition rule of data is that
the training set and the test set share similar statistical characteristics. Among them, 186 training sets are used
in modeling while 46 test sets are used in examining the prediction performance of the model. The training
sets account for 75% of all samples and cross-validation data is included in the training set. Three repetitive
training and testing have been performed to obtain the average. The results are shown in table 1. The
performance of the model has been examined from both aspects of the linear regression fitting and prediction
accuracy of the model. Smaller the root means square error, which implies that the performance of the model
is better and otherwise the model performs worse. The adopted evaluation indicators are: modeling root mean
square (RMS) error, coefficient of determination coefficient R2 c; prediction root mean square error (RMSE),
coefficient of determination R2 p, the ratio of the difference to the standard prediction error.

Fig.3 shows the result of strawberry water quality bed A and bed B. The correlation between compared with
an equal relationship with everyone and nutrition water is positive water quantity per day. Thus, if nutrition
water quantity per day increases then the water quantity per day cell fruit, will increase and ultimately
strawberry growth will be increased. The water quantity per day bed plant in strawberry exhibited a positive
significant association with the length of water quantity per day bed plant equal realization of water quantity
per day cell fruit and growth. The positive significant association was recorded for the length of water quantity
per day in strawberry with the nutrition of water cell fruit and growth per plant. Used two bed nutrition water
in strawberry showed positive significant association with the growth of per plant. It is a parametric test, and
assumes that the data are linearly related and that the residuals are normally distributed Section A 0.08779 and
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Section B 0.07786683.
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Figure 3. Correlation between Bed A and Bed B expressed temp, humanity, CO;

It can be seen from table 1 that the linear regression model has better effects than bed B and bed A in the
regression prediction of the growth rate of strawberries in the group of the same proportion. Regarding regression
fitting degree and accuracy of the model samples, the linear model performs best with the largest coefficient of
determination R2 c of 0.111, the smallest root mean square error RMSE of 56.07; performs worse in linear models
with the smallest coefficient of determination and largest root mean square error; the best Section's effect after
pre-processing the same data with relevant indicators superior to that of the traditional models.

Table 1. Performance indices R-squared, RMSE, P-value for LR model

Linear Regression Model

Bed A Bed B
R-squared 0.126 0.11
RMSE 64.77 56.07
P-value 6.33 0.025

According to the principle of linear model evaluation and the comparison of the data in Table 1, when the
training set ratio is 0.5, the regression fitting and prediction accuracy of the linear model is accurate. When the
training data set ratio is 0.6 with the proportion of the training set increases, the prediction ability of various
models has been improved, which the linear regression model is most significant. When the proportion of the
training set is greater than or equal to 0.7, the linear regression model performs best to some extent. In general,
the linear regression model can obtain more powerful information from increasing environmental information
data, thus quickly enhancing model performance. It illustrates that, in the case of participation of multiple samples
in the modelling, the linear regression model can significantly increase the regression fitting degree with much
better performance than the traditional models. The model establishment for the transpiration rate of strawberry
makes it happen that the growth transpiration rate can be predicted through the basic meteorological parameters
in the greenhouse with high simulation accuracy and obtainable parameters. It can be a useful exploration of
research on transpiration rate simulation in a short time scale, contributing to the more precise prediction based
on Greenhouse temperature parameters.
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Fig. 4 shows that bed A has F =2.281 (p = 6.338) and bed B has F = 2.449 (p = 0.025), indicating that we should
clearly reject the null hypothesis that the variables as like nutrition water quantity, average greenhouse
temperature, average greenhouse humanity, and average greenhouse CO; collectively have no effect on price.
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Figure 4. The deviation of the values prediction by LR model, from the actual value of
strawberry Bed A

Fig. 5 also shows that the variable size is significant controlling for the variable water quantity (total) bed A (p =
6.33) and bed B (p = 0.025), as is water quantity controlling for the variable water quantity-bed (per day) bed A
(p=0.1032) and section B (p=0.0210) and water quantity- cell bed A (p=0.0261) and bed B (p=0.025). In addition,
the output also shows that bed A, R-squared =0.126 and R-squared adjusted = 1, bed B R-squared = 0.0.111 and
R-squared adjusted = 1. Careful scrutiny of the original data may reveal an error in data entry that can be corrected.
The adjusted R square value is 1 which means the regression line is perfectly fitted in bed A with normal
significance variable, the regression line is perfectly fitted in bed B with high significance variables. If they
remain excluded from the final fitted model, they must be noted in the final result. Therefore, bed B gives the
best prediction of strawberry growth production in this field.
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Figure 5. The deviation of the values prediction by LR model, from the actual value of
strawberry Bed B

Furthermore, the prediction correlation result for each bed has habits compared and shown in table 1. The
prediction coefficient of determination in the Linear Regression model continues to increase with testing and
training sets, having the greatest accuracy in all models. The linear regression models are smaller with a case
of sluggish growth. In general, the linear model can be obtained as a more powerful model from the increasing
environmental information data, thus quickly enhancing model performance. It illustrates that, in the case of
participation of multiple samples in the modeling, the linear model can significantly increase the regression
fitting degree with much better performance than the traditional models. The linear model establishment for
the nutrition water rate of strawberry makes it happen that the growth nutrition water rate can be predicted
through the basic temperature parameters in the greenhouse with high simulation accuracy and obtainable
parameters. It can be a useful exploration of research on nutrition water rate simulation in a short time scale,
contributing to the more precise prediction based on temperature parameters.

Fig. 4 and 5 show for comparison between real data and they predicted the linear regression section bed A
and section bed B. In section bed A, the blue dotted points show for real data and green dotted is sort by
prediction the black line shows for regression line. The adjusted R square value is 0.126 which means the
regression line is perfectly fitted in section bed A with normal significance variable. In section B, the blue
dotted points show for real data and green dotted is sort by prediction the black line shows for the regression
line. In section bed B also the adjusted R square value is 0.111. So, the regression line is perfectly fitted in
section B with high significance variables. Thus, section A and section B are both the adjusted R square value
is 0.1111. Therefore, the bed B gives the best prediction of strawberry growth production in this field



International Journal of Advanced Smart Convergence Vol.9 No.1 132-140 (2020) 139

5. Conclusion

In this paper, we have used linear regression to find the better growth production of strawberry with optimum
water quantity. Linear regression models are an effective approach for identifying the significant strawberry
growth input intensity affecting water flow quantity and explaining the relationship between the greenhouse
strawberry use intensity and the water quality, they appear to quantitatively estimate contribution of respective
strawberry land-use intensity on the water quality because they only based on the existence of statistical
significance in the analysis data. Our future research will focus on understanding water quantity, which
increases the growth of the strawberry. We can interpret the possibility of this research progress in several
ways. With a specific algorithm including the machine learning model, we plan to extend the reach of the
output service. Considering that the machine learning model deals with reasoning, we can invent the linear
regression method. The aim will be on understanding the amount of water required to increase the production
of strawberries.
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