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Abstract

We aim to select the input variables of covering materials
affecting the cooling and heating energy demands of a
greenhouse through a sensitivity analysis. Furthermore,
we guantitatively evaluate the effects on these demands
for identifying items that must be measured and acquired
for modeling. Results indicate that solar transmittance,
solar reflectance, infrared emissivity, and conductivity
significantly affect the energy demands. An energy
prediction model is developed by using a multiple
regression analysis, which adequately describe the
simulation results. We expect that this model can facilitate
the comparison of the approximate performance of
covering materials during the initial design stage for
ordinary farms having difficulty using simulations.

Key Innovations

o Identification of key input variables for covering
materials through sensitivity analysis.

o Multiple regression analysis of the selected input
variables.

o Development and presentation of a simple
energy prediction model enabling approximate
evaluation.

Practical Implications

When measuring optical properties for modeling, the
selected input variables should be measured as a priority.
It should be noted that the energy prediction model
presented in this study cannot be used to determine the
effects on the growth conditions of plants inside the
greenhouse, other than energy demands.

Introduction

With the recent advancement of Information and
Communication Technology convergence technology
such as digital twin or loT(Internet of Things) in the
construction sector, the market for smart farm production
systems has become a major part of the global market
(Joan, 2020; Yoon, 2020; Ramli, 2020; Cor, 2021). As a
smart farm, a greenhouse has high cooling and heating
loads due to the greenhouse effect and solar radiation in
summer (Ali, 2019; Chen, 2020 ) and for maintaining the
appropriate growth temperature respectively (UN, 2007).
In northern latitudes such as Canada, the cost for heating
and cooling a greenhouse can amount to 70-85% of total
operating costs, whereas in warm areas such as Spain, it

is approximately 50% (Rorabaugh, 2002). As a result,
many studies have been recently conducted for reducing
energy consumption by utilizing smart farms instead of
conventional greenhouses that typically have high energy
demands and carbon emissions (Laila, 2021; Su, 2021;
Gorjian 2020). Smart greenhouses with automated and
integrated environment control systems are required for
competitive greenhouse cultivation and production
(Lucas, 2018). Thus, an appropriate cooling and heating
design based on a realistic greenhouse energy simulation
model is necessary for their optimal operation (lddio,
2020; Vanthoor, 2011a). Unlike ordinary buildings,
greenhouses are significantly affected by external weather
conditions because thin and optically sensitive covering
materials, such as film and glass, are used as the
greenhouse envelope. Additionally, covering materials
have a significant impact on internal environmental
conditions such as the temperature and relative humidity
of the greenhouse because all parts, except for the
framework, consist of the envelope (Choab, 2019).
According to Briassoulis (1997), the main covering
materials used as the greenhouse envelope are soft films
such as Polyethylene, Polyvinyl chloride, Ethylene vinyl
acetate, and thin plate which is Polyethylene terephthalate,
Polycarbonate, Polymethyl methacrylate, and glass. The
selection of covering materials is an important process in
designing a greenhouse suitable for cultivating crops.
Covering materials consequently affect the heating and
cooling loads of the greenhouse and the quality and
productivity of the crops. Therefore, it is important to
accurately describe the thermal and optical properties of
covering materials, including solar  transmittance,
reflectance, and conductivity, for calculating the thermal
behavior and energy demands.

DesignBuilder, an energy simulation tool applying
EnergyPlus as the engine, is widely used to predict the
thermal behavior and energy demands of buildings. In
DesignBuilder, the covering materials are modeled in
either the Simple Glazing class or the Glazing class
depending on the level of detail of the optical properties.
The input variables are detailed in the Glazing class,
whereas the Simple Glazing class has the advantage of
reduced simulation loads and efficiency because only
three input variables, namely, the solar heat gain
coefficient (SHGC), U-value, and visible transmittance,
are used to describe covering materials. However, the
application of the SHGC to simply describe the optical
properties of covering materials limits the accurate
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description of the thermal behavior of the greenhouse
because the proportion of solar radiation transmitted and
absorbed may be different despite having an identical
SHGC (DOE, 2020). Therefore, the modeling of covering
materials through the Glazing class is more useful in
describing realistic thermal and energy behaviors.
However, despite the advantage, the Glazing class is
difficult to implement because acquiring the material’s
input values can be difficult because of the covering
material’s specificity. Also, measuring all necessary
optical properties has a time and cost limits.

Therefore, the purpose of this study is to select the input
variables for the Glazing class that affect the cooling and
heating energy demands of the greenhouse through a
sensitivity analysis. It is assumed that this method can
identify the variables that must be measured and acquired
for describing the optical properties of covering materials
by quantitatively evaluating the effect of the input
variables on cooling and heating energy demands.
Subsequently, an energy prediction model is developed
by performing a multiple regression analysis based on
input variables selected to understand the performance of
each type of covering material during the design stage
using the measured or acquired data.

Materials and Methods

Sensitivity Analysis

Sensitivity analysis, a useful statistical analysis method
used in energy simulation models for building energy
analysis and observation studies, is used to identify the
input variables that have a profound impact on simulation
performance and results (Per, 2009; Pang, 2020). For
instance, Zhang (2020) adopted the Standardized
Regression Coefficient as the sensitivity analysis method
to identify the key parameters affecting net-zero energy
building grid interactions and to quantitatively compare
the impacts of 24 influential parameters in three major
performance aspects, including over/under voltage, grid
dependence, and energy loss. Liu (2017) adopted
sensitivity coefficients to determine the effects of the
meteorological parameters, such as global solar radiation,
direct radiation, temperature, relative humidity, and wind
speed, on building energy consumption. Kong (2016)
adopted the Morris sensitivity analysis method to identify
building energy audit parameters and performed a Monte
Carlo simulation for an uncertainty analysis. Ahamed
(2018) conducted a sensitivity analysis with sensitivity
coefficients to evaluate the performance of the
greenhouse heating simulation model for various values
of the selected default parameters and the sensitivity of
design parameters and environmental control parameters
on the heating requirement. Vanthoor (2011b) conducted
single-variate sensitivity analysis to identify the
greenhouse design parameters, outdoor climate, and
climate set-points that have the most significant influence
on greenhouse performance. The sensitivity analysis
methods applied to buildings are largely divided into local
and global approaches. In the former, the sensitivity of
each variable is calculated by varying one variable over a
limited range, without considering the relationship

between the variables, whereas the remaining variables
are fixed. Unlike the local approach, in the global
approach, the input variables are varied by randomly
selecting references and applying a statistical distribution,
with the effect of input variables over the entire range
considered. The global approach includes the regression
method, screening-based method, variance-based method,
and meta-modeling approach (Tian, 2013).

The Morris method, used in this study as a screening-
based method, calculates the sensitivity of one input
variable, while preventing the sensitivity from converging
to local conditions by modifying the reference model
iteratively. Therefore, the Morris method is a way of one-
parameter-at-a-time method (OAT). This method is
suitable for selecting and quantitatively evaluating input
variables of significance in models that have high
computational loads and numerous input variables (King,
2013).

Morris Method

In the sensitivity analysis using the Morris method, the
effect of input variables is determined based on the
elementary effect (EE; Morris, 1991). The i" EE (EE;) is
calculated as shown in Eq. (1):

EE; = y(x1, v, Xi—1, Xit+ A, Z‘i+1: X)) =y (X1, ™ Xk) (1)
where (x;, "+, x;) represents the set of input variables, y
is the energy demand obtained from the simulation result
based on the input variables, and A is the change in the
input variables. In other words, EE is calculated by taking
the difference in the results between the simulation of the
input variables, (x;, -+, xy), and the simulation in which
only the i input was varied by A and dividing this
difference. Assuming the next input as j, EE; can be
calculated by fixing the value of the input variable, x; +
A , and varying the j™ input variable by A, as shown in Eq.

(2):
EE; =

y(xe, =, xp+ A x4, zk)—y(xl, L xiHA, xg) @)
This process is repeated until all input variables change,
and the final EE is calculated for the overall input
variables. Thus, assuming that the number of input
variables is k, EE can be calculated for all input variables
on one base when simulated k+1 times. With this
procedure, a different base is applied r times. That is,

(k+1) xr EEs are formed by randomly sampling in the k-

dimensional space of the input variable by repeating r
times and the influence of the input variable can be
determined according to this. Therefore, the selections of
the level of division of input variables, p, which affects A,
and the sampling frequency, r, are crucial. A small r fails
to include all possible ranges, and choosing an
excessively large p despite a small r may fail to include
all other possible ranges excluded in r samples. In the
Morris method, the best performance is generally
achieved under the conditions of p = 4 and r = 10
(Franczyk, 2019). Therefore, the same values were
applied in this study.

Proceedings of the 17th IBPSA Conference
Bruges, Belgium, Sept. 1-3, 2021

1658
https://doi.org/10.26868/25222708.2021.30491



INTERNATIONAL
BUILDING
PERFORMANCE
SIMULATION
ASSOCIATION

In the Morris sensitivity analysis method, the significance
of input variables is evaluated in terms of the mean
absolute EE value, which is the sensitivity index (u*), and
standard deviation (a; Morris, 1991; Campolongo, 2000);
each is calculated as shown in Eqgs. (3) and (4):

| EE; |

p=Xieq @)

(4)

where i is the sequence number of the input variable. The
larger the sensitivity index and standard deviation of EE
by the input variable, the more significant is the variable
considered to be.

Energy Simulation Model

To calculate the cooling and heating energy demands
according to the input variables of the covering materials
for the sensitivity analysis, an energy simulation was
performed on a four-span Venlo-type greenhouse in this
study. The target greenhouse is a smart farm hands-on
training greenhouse in the Agricultural Technology
Center located in Naju, Jeollanam-do, South Korea,
comprising a greenhouse and a training center. The floor
plan and cross-section are shown in Figure 1. The training
center on the left-hand of the floor plan was not modeled
to exclude the effect of the shade caused by the training
center and focus on the effect of the covering materials.
The greenhouse modeling and energy simulation were
conducted using DesignBuilder, and the model is shown
in Figure 2.

The greenhouse area was 1209.4 m? with a width,
horizontal and vertical lengths, eaves, and ridge heights
of 4, 32, 32, 6, and 7 m, respectively. The framework of
the greenhouse was made of 10-mm-thick aluminum(Al),
and the floor was modeled to be on the ground with
another 10-mme-thick agricultural floor sheet on top.

32m
Training 83
center | 3
X
‘ T !
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Figure 1: Floor plan and section of the greenhouse

Figure 2: Greenhouse modeled with DesignBuilder
Table 1: Properties of the greenhouse

Value
Category Unit | Frame Floor
Al Earth | Sheet
Thickness mm 10 500 10
Specific heat J/kg K 900 880 2300
Density kg/m® | 2700 1460 | 920
Conductivity W/mK 204 1.3 0.3
Thermal absorptance % 90 90 90
Solar absorptance % 70 0.7 65
Airtightness ac/h 1.0

Table 1 shows the input values of the properties used for
modeling the greenhouse. For the simulation periods, the
hottest day in Gwangju, where the weather data were
acquired from July 31%, was designated as the summer
design day and the coldest day on February 4™ as the
winter design day. The Ideal Loads class was applied to
calculate the respective cooling and heating energy
demands. The set points were set at 26 °C for cooling and
19 ° C for heating to maintain the growth temperature
inside the greenhouse, and the effect of plants inside the
greenhouse was neglected. The air tightness of the
greenhouse was set at 1.0 ac/h, a typical rate for newly
constructed greenhouses. Natural ventilation was
modeled as un-operational (i.e., fully closed) to focus on
the effect of the covering materials.

Input Variables

As mentioned earlier, modeling the optical properties of
greenhouse covering materials in detail with the Glazing
class is important. Because the optical properties of the
covering materials are significantly more sensitive than
those of ordinary buildings, the thermal and energy
behaviors of greenhouses vary even with small
differences. Therefore, erroneous simulation results may
be obtained when modeled using the Simple Glazing class.
However, as measuring all input variables by using the
Glazing class involves time and cost limitations, it is
crucial to select only the key input variables that have a
significant effect on cooling and heating energy demands.
To describe the covering materials using the Glazing
class in DesignBuilder, input variables of the following
six optical properties and two thermal properties are
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necessary: 1. thickness, 2. solar transmittance, 3. solar
reflectance, 4. visible transmittance: 5. visible reflectance,
6. infrared transmittance 7. infrared emissivity, and 8.
conductivity.

Solar transmittance denotes the ratio of solar radiation,
which encompasses all ranges of ultraviolet, visible, and
near-infrared radiation in the 300-3000 nm wavelength
band, wvertically transmitted through glass. Solar
reflectance (front/back) indicates the ratio of solar
radiation reflected inside or outside the greenhouse.
Visible transmittance and visible reflectance (front/back)
are the ratios of visible radiation in the 380-780 nm
wavelength band transmitted through glass and reflected
inside or outside a greenhouse. Infrared transmittance
represents the ratio of infrared radiation in the 2,500-
40,000 nm wavelength band transmitted through glass.
Infrared emissivity indicates the ratio of infrared radiation
absorbed and released by the covering material, which is
similar to infrared absorptance.

Although thickness significantly affects the thermal and
energy behaviors of greenhouses, the thickness of the film
and plate often used in greenhouses is 0.1 mm and that of
commercial grade glass is 4 mm (RDA, 2014).
Accordingly, the thicknesses were set at 0.1 mm for the
film and plate and 4 mm for glass, and the sensitivity
analysis was performed on seven input variables,
excluding thickness, for each case. The input variables for
each case are provided in Tables 2 and 3. N represents the

input variable number, whereas "Base,” “Min,” and “Max”

represent the average, the minimum and maximum values
of covering material's input variables(RDA, 2018). As an
exception, the middle range of 40-50% was assumed to
be the Min—Max range for both infrared transmittance and
emissivity in the 0.1 mm film and plate case. Infrared
transmittance and emissivity vary significantly depending
on the material used despite the same thickness; therefore,
the law of conservation of energy cannot be satisfied, and
transmittance + reflectance + emissivity <100% during
the input process of the variables. In this study, solar
reflectance and visible reflectance were applied equally to

Table 2: List of input variables (0.1 mm-film & plate)

N Name (Unit) Min | Max | Base
#1 | Solar Transmittance (%) 80 90 89
#2 | Solar Reflectance (%) 0 10 11
#3 | Visible Transmittance (%) 80 90 88
#4 | Visible Reflectance (%) 0 10 12
#5 | Infrared Transmittance (%) 40 50 40
#6 | Infrared Emissivity (%) 40 50 51
#7 | Conductivity (W/m-K) 0.1 0.4 0.2
Table 3: List of input variables (4 mm-glass)

N Name (Unit) Min | Max | Base
#1 | Solar Transmittance (%) 80 90 83
#2 | Solar Reflectance (%) 0 10 8
#3 | Visible Transmittance (%) 80 90 91
#4 | Visible Reflectance (%) 0 10 8
#5 | Infrared Transmittance (%) 0 10 0
#6 | Infrared Emissivity (%) 80 90 95
#7 | Conductivity (W/m-K) 0.9 1.4 1.0

the front and back side for each case.

The sensitivity analysis was performed to the cooling and
heating energy demands for the summer and winter
design day using the greenhouse energy simulation based
on the seven input variables in each case. As mentioned
earlier, to achieve the best performance of the Morris
method, the input variables were divided into four levels
(p=4) in the Min and Max range. The simulation was run
80 times for each design day, resulting in a total of 320
runs, as calculated by (k+1)xr, where the number of input
variables k was 7 and r was 10.

Results and Discussion

Screening Input Variables

As discussed earlier, in the Morris sensitivity analysis, an
input variable with a higher sensitivity index (u*) and
standard deviation (o) indicates a larger effect on cooling
and heating energy demands. Tables 4 and 5 show the
sensitivity index, standard deviation, and rank according
to the input variable on cooling and heating demands in
each case. Figure 3 shows a scatter plot for the overall
case. Here, the input variables located in the upper-right
corner significantly affect the cooling and heating
demands of the greenhouse, whereas those in the lower-
left corner do not and can be excluded from the
measurement items for the covering materials.

0.lmm Cooling + 0.lmm Heating 4 4mm Cooling M4mm Heating

1000
#2 SR

900 u

800 #2 SR
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Z 500
=
Z 400
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]
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#1 ST #6 IE #6IE
100 @R ST#G = #6 IE u
oo
D IT
0 500 1000 1500 2000

Sensitivity Index (u*)
Figure 3: Morris sensitivity results

According to the sensitivity indices in Tables 4 and 5, the
effect of the sensitivity rankings of the input variables on
cooling and heating demands are identical in all cases
except for the heating energy demand in the 0.1 mm-film
and plate case: 1% solar reflectance, 2™ infrared emissivity,
3" solar transmittance, and 4" conductivity.

For the 0.1-mm-thick film and plate heating energy
demand case, the u* value of infrared emissivity was
approximately 354 higher than that of solar reflectance.
However, the effect of solar reflectance was larger as in
the other cases when the effects of u*and the standard
deviation were considered together. The sensitivity index
of solar transmittance was 7% that of the solar reflectance
on average, thus indicating a relatively small effect. The
sensitivity index of conductivity was 1% that of the solar
reflectance on average. This is because the thickness of
the covering materials as the envelope used in the
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greenhouse was significantly lower than that of general
building envelopes. The sensitivity indices of visible
transmittance,  visible reflectance, and infrared
transmittance for heating and cooling energy demands of
0.1 mm film and plate and 4 mm glass were found to be
0, implying no effect at all.

As a result, when applying detailed input variables for the
optical properties to calculate the energy demands of a
greenhouse using energy simulation based on the Glazing
class, measuring and acquiring the data for three items ,
namely solar transmittance, solar reflectance, and infrared
emissivity, by the covering material thickness used- is
necessary.

Table 4: Influence and parameter rank (0.1 mm film & plate)

Cooling Energy Demand

Heating Energy Demand

N Name n o rank N Name n o rank
#2 Solar Reflectance 1672.3 525.1 1 #6 Infrared Emissivity 1356.4 119.9 1
#6 Infrared Emissivity 579.7 62.0 2 #2 Solar Reflectance 1002.6 752.0 2
#1 Solar Transmittance 99.6 82.7 3 #1 Solar Transmittance 153.2 101.1 3
#7 Conductivity 5.5 116 4 #7 Conductivity 19.2 22.6 4
#3 Visible Transmittance 0.0 0.0 5 #3 Visible Transmittance 0.0 0.0 5
#4 Visible Reflectance 0.0 0.0 5 #4 Visible Reflectance 0.0 0.0 5
#5 Infrared Transmittance 0.0 0.0 5 #5 Infrared Transmittance 0.0 0.0 5
Table 5: Influence and parameter rank (4 mm glass)
Cooling Energy Demand Heating Energy Demand
N Name I’y o rank N Name I’y o rank
#2 Solar Reflectance 1557.7 661.8 1 #2 Solar Reflectance 12735 918.6 1
#6 Infrared Emissivity 354.6 30.5 2 #6 Infrared Emissivity 1055.3 86.6 2
#1 Solar Transmittance 33.2 43.0 3 #1 Solar Transmittance 104.5 98.2 3
#7 Conductivity 4.9 7.9 4 #7 Conductivity 40.6 19.0 4
#3 Visible Transmittance 0.0 0.0 5 #3 Visible Transmittance 0.0 0.0 5
#4 Visible Reflectance 0.0 0.0 5 #4 Visible Reflectance 0.0 0.0 5
#5 Infrared Transmittance 0.0 0.0 5 #5 Infrared Transmittance 0.0 0.0 5

Development of Multiple Regression Model

A multiple regression analysis was performed to
understand the effects of solar transmittance, solar
reflectance, infrared emissivity, and conductivity selected
based on the Morris sensitivity analysis on cooling and
heating energy demands and to approximately compare
the performance using the measured and acquired data.
Subsequently, based on the analytical results for the 0.1-
mm-thick film and plate and 4-mm-thick glass, a cooling
and heating energy demand prediction model using a
multiple regression analysis was developed. The ranges
shown in Table 6 were divided into five levels, and the
simulation was run 625 times for each cooling and heating
energy demand. The same input variables as in the Morris
method were applied in each case.

Table 7: Multiple regression analytical

The regression results showed that the p-values of solar
transmittance, solar reflectance, and infrared emissivity
were all less than 0.01, indicating a significant correlation
to cooling and heating energy demands, whereas that of
conductivity was greater than 0.05 for both 0.1 mm film
and plate and 4 mm glass.

Table 6: List of input variables

Case Name (Unit) Min Max
Solar Transmittance (%) 80 90
i Solar Reflectance (%) 0 10
0.1mm Infrared emissivity (%) 40 50
Conductivity (W/m-K) 0.1 0.4
amm Infrared emissivity (%) 80 90
Conductivity (W/m-K) 0.9 14

results for greenhouse (0.1 mm film & plate)

Model Cooli_ng Energy Demapd Model Heati_ng Energy Dem_an_d
Coefficient | t-statistics Coefficient t-statistics

(Constant) 1741.53 14.4897* (Constant) 1090.34 21.3074*

Solar Transmittance (ST) 492.759 3.95104* Solar Transmittance (ST) -143.51 -2.7027*

Solar Reflectance (SR) -2769.4 -22.206* Solar Reflectance (SR) 1299.88 24.4807*

Infrared Emissivity (IE) -695.79 -5.579* Infrared Emissivity (IE) 1332.34 25.0919*
(p-value: *p<0.01, **p<0.05 ***p<0.1)
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Table 8: Multiple regression analytical results for greenhouse (4mm Glass)

Cooling Energy Demand Heating Energy Demand
Model Coeffic?ent g)tl-statistics Model Coefficigent gyt-statistics
(Constant) 1654.27 13.1863* (Constant) 1190.6 24.033*
Solar Transmittance (ST) 388.619 3.72853* Solar Transmittance (ST) -104.96 -3.9889*
Solar Reflectance (SR) -2458.4 -23.596* Solar Reflectance (SR) 1288.69 24.4887*
Infrared Emissivity (IE) -428.06 -4.1069* Infrared Emissivity (IE) 1057.68 20.0988*
(p-value: * p<0.01, **p <0.05 ***p<0.1)

This appears to be an insignificant input variable for
cooling and heating energy demands. This is attributed to
the very low sensitivity index of conductivity (shown in
the Morris sensitivity analysis) compared to other three
input variables, albeit above zero, with a very small effect
on cooling and heating energy demands. Consequently,
the multiple regression analysis was repeated without
considering conductivity which is a statistically
insignificant variable. The results are shown in Tables 7
and 8. The adjusted coefficients of determination, R?, of
the repeated multiple regression analysis were 0.81, 0.91,
0.82, and 0.89, thus signifying a high correlation. Based
on the analysis results, regression equations were derived
for the cooling and heating energy demands of both 0.1
mm film and plate and 4 mm glass.

The regression equations corresponding to the cooling
energy demand at 0.1 mm and 4 mm thickness are shown
in Egs. (5) and (6), respectively. In the case of cooling
energy demand, the positive solar transmittance term was
considered as a factor for increasing the energy demand,
whereas factors such as negative solar reflectance and
infrared emissivity terms reduced the energy demand.

y = 1741.53 + 492.759ST — 2769.45R — 695.791E (5)
y: energy demand (Wh/m?)

ST: solar transmittance

SR: solar reflectance

IE: infrared emissivity

y = 1654.27 4+ 388.619ST — 2459.45SR — 428.06/E (6)

In contrast, the regression equations corresponding to the
heating energy demand at 0.1 mm and 4 mm thickness are
shown in Egs. (7) and (8), respectively. Unlike the cooling
energy demand, the negative solar transmittance term was
considered to be a factor that reduced energy demand,
whereas the positive solar reflectance and infrared
emissivity terms increased the energy demand in the case
of heating energy demand.

y = 1090.34 — 143.51ST + 1299.9SR + 1332.3IE (7)
y = 1190.6 — 104.96ST + 1288.69SR + 1057.68IE (8)

Figures 4-7 show the results of applying the cooling and
heating energy demand prediction model with each
cooling and heating energy demand taken as the
dependent variable based on the simulation results from
the Morris sensitivity analysis. The model was found to
adequately describe the simulation results because R?
between the predicted cooling and heating energy

demands using the derived multiple regression model and
the simulation results using DesignBuilder was 0.81, 0.97,
0.85, and 0.98, thus indicating a high correlation.

Therefore, it is believed that the cooling and heating
energy demand prediction model can be helpful for
ordinary farms having difficulties in the use of
simulations to roughly compare the performance of
covering materials during the initial design stage based on
the measured and acquired data of solar transmittance,
solar reflectance, and infrared emissivity of the covering
materials.

Conclusion

The purpose of this study was to select input variables that
significantly affect the cooling and heating energy
demands of a greenhouse to model covering materials and
identify the variables that must be measured to
quantitatively evaluate the effects. Based on the identified
variables, an energy demand prediction model was
developed to approximately compare the performance of
the covering materials. The results of this study can be
summarized as follows:

1. Solar transmittance, solar reflectance, infrared
emissivity, and conductivity were selected as input
variables, and these significantly affect cooling and
heating energy demands.

2. Visible transmittance, visible reflectance, and
infrared transmittance were found to have no effect
on energy demands.

3. Based on the regression analysis results, conductivity
was found to be insignificantly correlated to cooling
and heating energy demands.

4. The R? value of the cooling and heating energy
demand prediction model developed based on the
solar transmittance, solar reflectance, and infrared
emissivity was found to be 0.81, 0.97, 0.85, and 0.98,
respectively. Thus, the prediction model indicates a
high correlation with the simulation results.

Therefore, to design an energy-efficient greenhouse, it is

necessary to select the covering materials that have

appropriate solar transmittance, solar reflectance, and
infrared emissivity for the purpose and cultivation season.

However, as common greenhouses use covering materials

with high solar transmittance and low reflectance for

proper growth and illumination rather than energy saving,

Therefore, the construction future facilities such as

ventilation fans to prevent increased cooling load caused
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Figure 4: Results of multiple regression expression (cooling
energy demand for 0.1 mm film and plate)
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Figure 5: Results of multiple regression expression (heating
energy demand for 0.1 mm film and plate)
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Figure 6: Results of multiple regression expression (cooling
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Figure 7: Results of multiple regression expression (heating
energy demand for 4 mm glass)

by solar transmittance should be considered. In winter,
additional insulation curtain installations should be
considered to prevent an increase in heating loads caused
by infrared emissivity. In this study, the effects on the
internal optical environment, such as the illumination
intensity for proper growth of plants in the greenhouse,
were neglected because we aimed to identify the input
variables that have the most significant effect on the
cooling and heating energy demands.

Therefore, this study is limited in that assessing the
overall greenhouse environment, rather than cooling and
heating energy demands, based on the input variables
selected is not appropriate. It is expected that a more
useful prediction model can be developed if the effects of
maintaining an adequate plant growth environment
depending on the optical environment inside the
greenhouse are considered in future studies. In addition,
the accuracy of the developed cooling and heating energy
prediction model can be improved if the simulation results
are validated and calibrated using the actual measured
data from the greenhouse. As the ultimate purpose, it is
believed that the expansion of subjects along with
covering materials based on the approach taken in this
study can contribute to the design of smart greenhouses
for optimal operation by allowing ordinary farms having
difficulty using simulations to calculate realistic
greenhouse cooling and heating energy demands based on
simple input variables during the initial design stage.
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