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A B S T R A C T   

This research establishes a base case scenario encompassing the energy behavior of the greenhouse and its direct 
influence on the yield of strawberries (Seolhyang sp.) to evaluate the performance of the greenhouse energy 
demand and its effect on crop yield. The objective is to develop a ventilated discretized volume building energy 
simulation (DVBES) that predicts energy demand, temperature, and relative humidity (RH) of a greenhouse and 
develop a predictive strawberry yield model that predicts the strawberry yield. This study used two single-span 
double-layer experimental greenhouses with different features. Experimentation was conducted in the winter 
season of 2021–2022 and 2022–2023. Hourly temperature, RH, and daily fuel consumption were used to validate 
the DVBES model. Weekly temperature, RH, solar radiation (SR), and yield were used to validate the strawberry 
yield model. The results show high prediction accuracy with minor errors. For a single-span double-layer 
greenhouse at E–W (90◦) orientation, the total energy demand and strawberry yield were 113.861 MJ.m− 2 and 
0.466 kg.plant− 1.season− 1, respectively. The findings serve as a foundation for further research on optimizing 
energy consumption in greenhouse environments. This research contributes to advancing knowledge in sus
tainable agriculture and facilitates the transition toward a greener and more resource-conscious future.   

1. Introduction 

Strawberries are a popular fruit that is grown in greenhouses 
worldwide. Greenhouses provide a controlled environment, allowing 
strawberries to be grown year-round, regardless of the outside weather. 
However, they also require significant energy to heat and cool, which 
can be a major expense for greenhouse growers. Several ways exist to 
reduce the energy consumption of greenhouses. These include the use of 
energy-efficient greenhouse technologies and the use of computer sim
ulations to optimize the greenhouse environment. 

Computer simulations can predict greenhouses’ energy consumption 
and identify ways to improve energy efficiency through building energy 

simulation (BES.) Computational fluid dynamics (CFD), EnergyPlus, and 
TRNSYS are common BES tools. BES is a method for predicting and 
analyzing instantaneous energy demand based on several dynamic 
simulation techniques [1]. An artificial greenhouse-building A BES 
model can be created to take in weather information, material param
eters for the envelope, and energy production. 

While Mazzeo et al. [2] developed a BES model to assess the pre
diction accuracy of building performance simulation (BPS) tools, 
namely TRNSYS, EnergyPlus, and IDA ICE, and successfully validated 
their model with experimental measurements, Rasheed et al. [3] 
developed and validated a BES model to investigate the effect of various 
thermal screens, natural ventilation, and heating setpoint controls on 
annual and maximum heating loads of a multi-span greenhouse. 
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Contrarily, Boulard, et al. [4] and Asa’d et al. [5] created BES models 
that, using the idea of a porous medium, successfully simulated the 
dynamic influence of insect screens and tomato crops on airflow 
movement and, respectively, investigated the effectiveness of a rock-bed 
thermal storage heating system of an attached solar greenhouse. Because 
it enables the introduction of new models that may be linked together, 
TRNSYS is noted for its flexibility in contrast to CFD and EnergyPlus; this 
is why it is so widely used. 

Researchers like Adesanya et al., Choab et al., Rabiu et al., Rasheed 
et al. (a), and Ward et al., [6–11] used TRNSYS to successfully model the 
greenhouse energy demand by comparing the mean indoor and ambient 
temperatures. Even though numerous places in experimental green
houses were used to collect data, only one thermal point or node was 
considered in the building simulation. Despite the installation of dis
tribution fans, studies by Cesar et al. [12], Lamrani et al. [13], and Zhao 
et al. [14] have shown that there is significant variation in the distri
bution of greenhouse microclimate parameters such as temperature, RH, 
SR, CO2, and VPD along the vertical axis and horizontal dimensions in 
greenhouses [15]. Baglivo et al. [16] claim that this variation causes 

thermal stratification, which impacts the control of natural ventilation, 
and shows that volume discretization is a crucial component of a dy
namic greenhouse simulation. 

Discretization turns continuous characteristics, variables, models, or 
functions into discrete ones [17]. As shown in experimental greenhouses, 
this approach enables the dispersion of microclimate parameters in BES. 
The CFD tool has the capacity for parameter distribution because it has 
specified vertical and horizontal stratification/discretization functions in 
its operation. Although it is rarely used, TRNSYS is another program with 
functionality for discretization [16]. The TRNSYS thermal point is 
referred to as an “air node” by TRANSSOLAR Energietechnik [18], and 
the simulation of several air node zones is a sophisticated modeling 
capability. A stack of air nodes within one zone frequently depicts large 
volumes, such as those found in atriums. As a result, the top air node may 
be warmer than the bottom air node. TRNSYS is an acronym for transient 
system simulation, a software developed by the University of Wisconsin’s 
Solar Energy Laboratory, one of the most popular software programs for 
greenhouse simulation [19]. Laghmich et al. and Baglivo et al. [16,20] 
have recommended the use of discrete volume BES (DVBES). Laghmich 

Nomenclature 

Asub Substrate area (m2) 
Av Mean of the experimental data points 
c Specific heat capacity of PCM (kJ/kg K) 
cair Air density (kg/m3) 
cs Specific heat capacity of PCM at solid-state (kJ/kg K) 
cl Specific heat capacity of PCM at liquid state (kJ/kg K) 
cc Specific heat capacity of container (kJ/kg K) 
cv Specific heat capacity of the vapour (J/(kg K)) 
ea Average hourly actual vapour pressure (kPa) 
eo Saturation vapour pressure at air temperature Thr (kPa) 
ETo Evapotranspiration (mm/h) 
Expi Experimental value 
G Soil heat flux density (MJ/m2 h) 
L Latent heat of PCM (kJ/kg) 
LAI Leaf area index (m2.m− 2) 
m Mass of the PCM (kg) 
mETo Evapotranspiration mass flow (kg/h) 
N Data population 
q̇ Energy rate (gain or loss) (kJ/hr) 
Qair Change of internal energy of zone calculated with 

capacitance of air (kJ/hr) 
Qcoup Coupling gains (kJ/hr) 
Qcrop Crop gain due to temperature difference between crop and 

its environment (kJ/hr) 
QcropT Total crop gains (kJ/hr) 
QD Demand Total energy demand (kJ/hr) 
QET Crop gain due to evapotranspiration (kJ/hr) 
Qgint Internal gains (kJ/hr) 
Qinf Infiltration gains (kJ/hr) 
Qpcm PCM gains (kJ/hr) 
Qsol Absorbed solar gains on all inside surfaces of zones (kJ/hr) 
Qsolair Convective energy gain of zone due to the transmitted SR 

through external windows which is transformed 
immediately into a convective heat flow to internal air (kJ/ 
hr) 

Qtrans Transmission into the surface from the inner surface node 
(kJ/hr) 

Qvent Ventilation gains (kJ/hr) 
Qwgain Wall gains (kJ/hr) 
u2 Average hourly wind speed (m/s) 
V Volume of PCM (m3) 

Vs Volume of PCM at solid-state (m3) 
Vp Volume of PCM at phase state (m3) 
Vl Volume of PCM in liquid form (m3) 
Vc Volume of container (m3) 

Greek symbols 
ρ Air density (kg/m3) 
ρs Density of PCM (kg/m3) 
ρp Density of PCM at solid-state (kg/m3) 
ρl Density of PCM at phase state (kg/m3) 
ρc Density of PCM at liquid state (kg/m3) 
Ø Density of container (kg/m3) 
ΔT Pipe diameter (m) 
Δ Saturation slope vapour pressure curve at Thr (kPa/◦C) 
γ psychrometric constant (kPa/◦C) 

Abbreviations 
Adj Adjacent 
BF Bench frames 
CVRMSE Coefficient of variance of the root mean squared error 
DVBES Discretized volume building energy simulation 
Ext External 
FLF First layer frame 
MW Mineral wool 
NMBE Normalized mean bias error 
PAR Photosynthetic active radiation 
PO Polyolefin 
QGH Q greenhouse 
RGH R greenhouse 
RH Relative humidity 
RMSE Root mean squared error 
SR Solar reflectance 
ST Solar transmittance 
T Thickness 
TC Thermal conductivity 
TRE Thermal radiation emission 
TRNSYS Transient system simulation 
TRNBuild TRNSYS building model 
TRT Thermal radiation transmittance 
TS Thermal screen 
VRR Visible radiation reflectance 
VRT Visible radiation transmittance  
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et al. [20] reported that DVBES could reduce energy prediction error by 
32 %. Hence, the significant advantage of using DVBES over BES has been 
that its prediction is more accurate. It also allows for the simulation of 
multiple thermal nodes. Ogunlowo et al. [19] studied the effect of enve
lope characters in TRNSYS DVBES. They found that using 3D geometry 
with a massless layer in TRNSYS 18 (the latest version) demonstrated a 
similar distribution with their corresponding experimental greenhouses, 
making it more accurate. 

Crop presence in a greenhouse has been found to affect the energy 
balance of the greenhouse through evapotranspiration [9] and the 
temperature difference between the crop and its immediate surrounding 
air [21]. Hence, researchers have been found to integrate different crop 
models into BES models as energy gain or loss. For example, to 
accommodate different data availability, Blaney-Criddle, Radiation, 
FAO Penman-Monteith, and Pan Evaporation, methods were often 
selected to calculate reference crop evapotranspiration [16]. According 
to Baglivo et al. [16], Penman-Monteith is the most accurate model with 
the minimum possible error out of these methods. The simple conduc
tive heat transfer has been modified and deployed by Shen et al. [21] in 
the case of the crop model based on temperature difference. These 
models have been particularly integrated with the TRNSYS BES model 
by Baglivo et al. [16], Ward et al. [9], and Shen et al. [21]. 

The proposed DVBES model in this study may be used to study the 
effect of integrating phase change materials (PCMs) in the greenhouse 
structure. Hence, it is important to look at the use of PCM and its benefits 
in greenhouse energy saving. According to Jayalath et al. [22], PCMs 
provide a practical method for increasing energy efficiency in buildings 
by delaying heat transfer during the day, storing energy, and releasing 
the stored energy during the night or a colder period. Additionally, 
building materials that integrate PCMs can store large amounts of 
thermal energy in an envelope of a structure with less structural mass 
than sensible heat storage [23]. Depending on whether the phase tran
sition temperature is attained, the energy gain may be sensible storage, 
latent storage, or both. Experimental [24] and numerical [22,25,26] 
methods have been used in the past to evaluate the thermal performance 
of PCMs installed in buildings. Thermal performance investigations 
using various PCMs and installation techniques within a building en
velope have become a reality because of BES software tools [22]. 

The most widely used BES tools, according to Mazzeo et al. [2], in 
their investigation of the most accurate PCM-BES tools, were IDA ICE, 
EnergyPlus, and TRNSYS. To mimic PCM behavior and assess the po
tential to lower heating and cooling loads inside an office building for 
several climates in Italy, Cornaro et al. [27] developed a PCM wall 
implemented in IDA ICE. In the cases of Jayalath et al. [22] and 

Fig. 1. Experimental greenhouses showing thermal screen positions and design features in (a)RGH and (b) QGH.  
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Panayiotou et al. [28], a PCM wall known as “Type 1270″ was created, 
validated, and utilized in TRNSYS 16 to assess the thermal efficiency of 
an Australian single-story home. Types 260, 241, and 204, each coupled 
with Type 56 (Multizone Building), were created by Virgone et al., 
Schranzhofer et al., and Poulad et al. [29–31], respectively, to simulate 
test cells with PCM in the walls. However, when the PCM layer is inte
grated into walls in contact with both boundary surfaces inside a ther
mal zone, the ”Types“ in TRNSYS 16 were created to interact with the 
Type 56. Since the PCM layer immediately interacts with the thermal air 
node and the wall connected to the outer environment, the ”Types“ 
cannot be employed [2]. Ogunlowo et al. [32] created a PCM component 
in TRNSYS in 2023 as a result of this. The component’s output (energy 
stored) can be adjusted as gain in the DVBES model and connected to the 
DVBES model. 

In the past, performance evaluation of greenhouses was conducted 
by considering only the energy demand with no or less attention to the 
crop output (yield). However, the profit margin depends on how much 
revenue is generated with fewer expenses. In other words, a farmer’s 
satisfaction will be reducing energy costs without compromising the 
crop yield. Due to the lack of studies using on-farm experimental data of 
growth-pattern responses to environmental factors due to difficulty in 
continuous monitoring and direct management of crops, Sim et al. [33] 
developed a predictive strawberry yield model based on greenhouse 
environmental and growth data. They used average daytime air tem
perature, soil temperature, relative humidity (RH), vapor pressure 
deficit (VPD), and photoactive radiation (PAR) to predict the green
house strawberry yield. However, these parameters are measured data 
and not predicted data. TRNSYS is commonly used to predict green
house energy demand [6,8,9], air temperature, and RH [19,34,35]. 
Setting other outputs can be difficult or not possible at the present level 
of research in TRNSYS. If greenhouse strawberry yield is to be predicted, 
attention must be directed to the easily predictable parameters. 

Lacking in literature is a numerical evaluation of greenhouse based 
on its energy utilization and effect on crop yield. Also lacking is a PCM- 
cum-crop integrated DVBES model capable of setting the required 
number of inputs for a predictive crop yield model. Therefore, this study 
aims to simulate and analyze the energy dynamics within a greenhouse 
environment and then use the output temperature and RH to predict 
strawberry yield. 

The primary objective of this research is to establish a base case 
scenario encompassing the energy behavior of the greenhouse and its 
direct influence on the yield of strawberries (Seolhyang sp.). The sec
ondary objectives are to develop a ventilated DVBES that predicts a 
greenhouse’s energy demand, temperature, and RH and a predictive 
strawberry yield model from the predicted temperature and RH that 
indicates the strawberry yield. Strawberry cultivation was chosen due to 
its economic significance [36,37] and high sensitivity to environmental 
conditions [37,38], making strawberries an ideal crop for studying the 
correlation between energy management and yield. By examining the 
relationship between energy consumption and crop productivity, op
portunities for energy optimization can be identified, and sustainable 
greenhouse management practices can be developed by identifying a 
system with the least energy demand with the highest possible yield. 

The outcomes of this study should be able to provide valuable in
sights into the energy performance of greenhouses and their impact on 
crop yield. Moreover, the findings will serve as a foundation for further 
research on optimizing energy consumption in greenhouse environ
ments, leading to more sustainable and efficient agricultural practices. 
Ultimately, this research should also be able to contribute to advancing 
knowledge in sustainable agriculture and facilitate the transition toward 
a greener and more resource-conscious future. 

This paper was subdivided into four sections. Section one introduces 
the study by looking into the background, literature, and objectives. 
Section two provides materials and methods used to achieve stated 
goals. Section three presents the results and duly discussed. The last 
section summarily presents the main findings of the study. 

2. Materials and methods 

This section describes the experimental greenhouses, DVBES model 
development and validation, strawberry yield model development and 
validation, and strawberry yield prediction based on the predicted 
greenhouse temperature and RH data. 

2.1. Description of experimental greenhouses 

The experimental greenhouses are located at Kyungpook National 
University’s Smart Farm Center in Daegu, South Korea. The first layer is 
an 18 × 6.5 m floor area, enclosed in a 24 × 7 m second layer. Both 
layers are enveloped by a polyolefin (PO) screen from 6p.m. to 9 a.m., 
with an additional thermal screen (TS) layer on top of the first layer. 
During the day (from 9 a.m. to 6p.m.), the PO screens on the first layer 
are rolled up, making the greenhouse single-layered during this period. 
Fig. 1 shows the design features of the experimental greenhouses R and 
Q (names are simply for identification and distinction), later referred to 
as R-greenhouse (RGH) and Q-greenhouse (QGH), respectively. The 
greenhouses are typical double-layer, single-span greenhouses for 
growing strawberry plants. Each greenhouse consists of five 14-m-long 
benches to support the crop substrate. Table 1 describes each feature 
and states the control settings of the greenhouses. Fig. 2 shows the floor 
dimensions of the greenhouses and the position of the sensors. To ensure 
that the conditions of the two greenhouses differ, RGH has its TS at the 
center, whereas QGH has its TS 5◦ toward the north end of the green
house. Moreover, QGH and RGH are characterized by a layer of gravel 
and a layer of polyvinyl on the floor, respectively. 

As shown in Fig. 2, nine Hobo onset U23-002 sensors with a sensitivity 
of ± 0.21 ◦C (from 0 ◦C to 50 ◦C) and ± 2.5 % (from 10 % to 100 % RH) 
were installed to record the air temperature and RH. Furthermore, three 
Kipp and Zonen pyranometers (CMP3 model) with a sensitivity of < 5 % 
and − 10 ◦C to 40 ◦C and a spectral range of 300–2800 nm were used to 
record the solar radiation (SR) at the north, center, and south end of the 
greenhouses. An Apogee infrared radiometer surface temperature sensor 
(SI-131-SS model) with a sensitivity of ± 0.3 ◦C (ranging from − 30 to 
65 ◦C) was installed to measure the leaf surface temperature. 

Table 1 
Feature description and control settings.  

S/ 
No. 

Feature Description Capacity 

1 Crop Strawberry plant (Seolhyang sp.) 650 plant population 
(minimum) 

2 Support 
frames  

1. First layer frame: a 40-mm- 
diameter galvanized pipe with 
2-mm thickness. 

Bench frame: a 12-mm 
galvanized pipe with 1-mm 
thickness. 

Potential container for PCM 
filling 

0.163 m3 PCM 
volume and 0.0817 
m3 pipe volume 

3 Heating 
system 

A stainless-steel diesel boiler 
connected to a heat exchanger 

0.09 m3 

4 Distribution 
fans 

Four horizontal fans to mix 
greenhouse air 

25 m3/s 

5 Control  1. Ventilation: (a) vents open: 
23 ◦C; (b) vents close: 22 ◦C 

Heating: (a) boiler start: 
7.5 ◦C; (b) boiler stop: 8 ◦C; (c) 
pump start: 7.5 ◦C; (d) pump 
stop: 8 ◦C 

Envelope: (a) first layer 
open: 9:30; (b) first layer close: 
17:30; (c) TS open: 9:00; (d) TS 
close: 18:00  

6 Location Daegu (35.53◦N, 128.36◦E) 
48 m above sea level  

7 Orientation East–West (90◦)   
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2.2. Greenhouse model development and validation 

This study proposes a DVBES to predict the energy demand, temper
ature, and RH effectively and accurately within a greenhouse. This re
quires accurately modeling the features in the experimental greenhouses 
and the envelope materials. Fig. 3 shows the flowchart for the simulation 
of energy demand, temperature, and RH in the TRNSYS 18 simulation 
model. The flowchart is divided into input, simulation, and output. 

The input consists of TRNBuild —a TRNSYS tool for building 
description; SketchUp – a building 3D software developed by Trimble 
incorporation; and Window 7.4 software developed by Lawrence Ber
keley National Laboratory (LBNL.) TRNBuild defines the building’s 
required envelope characteristics and regime, including the geometry of 
the structure, radiation mode, infiltration and ventilation, number of 
zones/air nodes, and thermal and moisture capacitance of the zone/air 
node. The geometry of the greenhouse can be manually entered into 

Fig. 2. Floor dimension of the experimental greenhouses and sensor location.  

Fig. 3. Flowchart of the mechanism of the TRNSYS 18 simulation model.  
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TRNBuild or imported into SketchUp as a.idf file format. Zones and 
geometry are generated when a Trnsys3d file (.idf) is loaded from 
SketchUp into TRNBuild. The geometry mode is automatically set to 3D 
data and thus, a 3D geometry. The Window 7.4 software generates a 
DOE-2 file containing information about the glazing materials, then 
imported into TRNBuild. 

The simulation consists of the weather components, DVBES, crop 
component, and PCM component. The weather components are the sky 
temperature calculator – which calculates the sky temperature from 
weather parameters such as ambient temperature and RH; the weather 
data processor – which reads the data from the data file; the solar ra
diation processor – which calculates the solar radiation incidence on 
every angle; and other components such as psychometric and orienta
tion calculators. The DVBES integrates all other components, further 
described in section 2.2.1. The crop and PCM components calculate the 
energy gain or loss from the crop and PCM, respectively. They are 
further described in the following sub-sections. 

Finally, the output parts are simply output components that present 
the intended outputs as a.text or.xls files, depending on the user pref
erence. In this case, the results are the greenhouse temperature, RH, and 
heating energy demand. 

2.2.1. The DVBES model 
This study adopts the model developed by Ogunlowo et al. [19], who 

developed a nonventilated DVBES and defined all envelope characters in 
their research. In this case, 112 discrete air nodes were created and 
ventilated per the operation of the experimental RGH. Fig. 4 shows the 
front view and the 3D model of the stacked air node as developed in 

SketchUp (a building 3D model software developed by Trimble Incor
poration). In Fig. 3a, the red dotted lines, the solid line, and the solid 
black line represent the air layers separating adjacent air nodes, the first 
layer envelope, and the second (external) layer envelope. Tables 2 and 3 
present the properties and the regime definition of the discrete air node, 
respectively, as defined in TRNBuild – an interface for the creation and 
edition of non-geometry information required by TRNSYS. 

Based on the principle of energy conservation, the energy demand to 
maintain a greenhouse discrete set temperature can be expressed as heat 
exchange between the inside design components and the ambient, as 
shown in Eq. (1) [18]. The summation of the discrete makes the total 
energy demand of the DVBES. 

QD Demand = Qair +Qinf +Qvent +Qcoup +Qtrans +Qwgain +Qsol +Qsolair +Qgint

(1) 

where Qair is the change of internal energy of zone calculated with 
capacitance of air, Qinf represents the infiltration gains, Qvent represents 
the ventilation gains, Qcoup represents the coupling gains, Qtrans is the 
transmission into the surface from the inner surface node, Qwgain repre
sents the wall gains, Qsol represents the absorbed solar gains on all inside 
surfaces of zones, Qsolair is the convective energy gain of zone due to the 

Fig. 4. Front view (a) and 3D isometric view (b) of the model greenhouse as designed in SketchUp.  

Table 2 
Regime definition in TRNBuild.  

Area Air node Volume 
(m3) 

Capacitance (kJ. 
K− 1) 

Ref. floor area 
(m2) 

Floor F1-25 3.04 18.26 4.68 
Crop A1-E5 4.68 28.08 4.68 
Canopy Ca1-5, Ca21- 

25 
Ca6-10, 
Ca16-20 
Ca11-15 

3.02 
6.58 
7.60 

3.63 
7.89 
9.12  

4.68  

Roof R1-5, R21-25 
R6-10, R16- 
20 
R11-15 

3.56 
3.30 
6.45 

4.28 
3.96 
7.75 

7.16 
4.99 
4.70 

Corridor Co1-10 1.49 1.78 0.90 
West West 122.99 737.87 35.00 
East East 24.60 29.52 7.00  

Table 3 
Characteristics of envelope materials as used in TRNBuild.  

Surface 
type 

Category Material Thickness 
(m) 

U-value 
(W. 
m− 2K− 1) 

Layer 
type 

Opaque Ext_Wall/Roof Steel 0.05  5.769 Massive  
Adj_Wall Steel 0.04  5.792 Massive  
Adj_Wall2 Air layer 0.00  2.948 Massless  
Adj_Wall3 PO-MW-PO 0.05  0.999 Massive  
Adj_Ceiling Steel 0.04  5.792 Massive  
Adj_Ceiling2 Air layer 0.00  2.948 Massless  
Adj_Ceiling3 PO-MW 0.036  0.878 Massive  
Ground_Floor Under_floor 0.15  2.04 Massive       

Glazing Ext_Window PO ST (0.08), SR (0.10), VRT (0.89), VRR 
(0.08), TRT (0.18), TRE (0.79), TC 
(0.33), T(0.10)      

Adj_Window1/ 
2 

PO-MW 
“No 
glazing” 

(9 am–6 pm) 
(6 pm–9 am) 

Ext, external; Adj, adjacent: PO, polyolefin; MW, mineral wool; ST, solar 
transmittance; SR, solar reflectance; VRT, visible radiation transmittance; VRR, 
visible radiation reflectance; TRT, thermal radiation transmittance; TRE, ther
mal radiation emission; TC, thermal conductivity (W.m− 1K− 1); T, thickness 
(mm). 
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transmitted SR through external windows which is transformed imme
diately into a convective heat flow to internal air, and Qgint represents 
the internal gains, Qcrop + Qpcm. 

2.2.2. Crop component 
The evapotranspiration and crop equation used by Baglivo et al. and 

Shen et al. [16,21], respectively, were adopted to account for the 
contribution of the crop to the system energy. The crop component is a 
nonstandard component developed in TRNSYS based on Eqs. (2)–(5): 

ETo =
0.408*Δ*(Rn − G) + γ 37

Ta+273u2(eo − ea)

Δ + γ(1 + 0.34u2)
(2)  

mETo = ETo*Asub*ρ*10− 3 (3)  

QET = mETo*(ro + cv*Ta) (4)  

Qcrop = 2*Sg*LAI*
ρ*cair*

(
Ta − Tleaf

)

rb
(5)  

2.2.3. Phase change materials (PCM) component 
The first layer (FLF) and bench frames (BF) shown in Fig. 1 could be 

used as a container for PCMs. Studies have shown that PCM could reduce 
energy consumption. Therefore, a PCM-in-container component devel
oped in TRNSYS by Ogunlowo et al. [32] was adopted. The energy 
equation of the component was temperature based, as shown in Eq. (6). 
The FLF and BF were “no-fill” in this study. 

Qpcm = [ρsVscs
(
Tf − Ti

)
+ ρpVpL + ρlVlcl

(
Tf − Ti

)]
+ρcVccc

(
Tf − Ti

)
(6) 

Boundary conditions 

Qpcm = ρsVscs
(
Tf − Ti

)
+ρcVccc

(
Tf − Ti

)
(Ti < Tm)

Qpcm = ρpVpL+ρcVccc
(
Tf − Ti

)(
Tf = Ti= Tm

)

Qpcm = ρlVlcl
(
Tf − Ti

)
+ρcVccc

(
Tf − Ti

)
(Ti > Tm)

2.2.4. Model validation 
Experimentation was conducted using the RGH to validate the 

model. The temperature, RH, and SR of the RGH’s microclimate (sen
sors’ location are shown in Fig. 1), ambient temperature, wind speed, 
wind direction, horizontal SR, and pressure were recorded every 10 min. 

In the simulation, as shown in Fig. 2, all components were linked, 
and the ambient recorded data collected during the winter season 
(December 2 to February 27, 2023) were used. The outputs of the sim
ulation—heating demand, air temperature, and RH—were compared 
with the boiler fuel consumption, microclimate temperature, and RH 
from the experimental RGH, using the following metrics: coefficient of 
determination (R2) [2], root mean squared error (RMSE) [22,27], 
normalized mean bias error (NMBE), and coefficient of variance of the 
root mean squared error (CVRMSE). According to ASHRAE [39], 
CVRMSE tests how well the model recreates the data and is also an 
indication of random error. NMBE tests how biased the model is in 
predicting outputs over the period the model was developed. In addi
tion, ASHRAE [40] reported that a model is considered calibrated if 
NMBE and CVRMSE are < 5 % and < 15 %, respectively, for a monthly 
data, or if NMBE and CVRMSE are < 10 % and < 30 %, respectively, for 
an hourly data. 

R2 = 1 −
∑N

i=1(Expi − Simi)
2

∑N
i=1(Expi− Av)2 ,Av =

1
N

∑N

i=1
Expi (7)  

RSME =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N
∑N

i=1
(Expi − Simi)

2

√

(8)  

NMBE =

∑N
i (Expi − Simi)

(N − 1)*Av
*100% (9)  

CVRMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑N

i
(Expi − Simi)

2

N− 1

√

Av
*100% (10) 

Av is the mean of the experimental value, Expi is the experimental 
value, Simi is the simulated value, and N is the data population. 

2.3. Strawberry yield model 

There is a need for a model that takes in predicted greenhouse 
microclimate parameters as inputs and sets out the yield as output to 
evaluate the performance of greenhouse energy demand and direct in
fluence on crop yield. Sim et al. [33] used a “Seolhyang” cultivar to 
develop an empirical strawberry yield model (Eq. (11)) based on 
experimentally measured greenhouse average day air temperature 
(ADAT), soil temperature (ST), RH, photoactive radiation (PAR), and 
calculated vapor pressure deficit (VPD) data. However, adopting this 
model comes with its inadequacies. For instance, the strawberries were 
planted on the ground, unlike planting using the BF used in this study; 
hence, the input, ST, would not have been suited in this case. Moreover, 
the goal is to calculate the weekly yield without accumulation, which 
the model could not. In contrast, to develop a yield prediction model for 
greenhouse-grown lettuce, Lin [41] used weekly data, and as the crop 
grew, the most recent weekly data were added. Therefore, the method 
used by Lin [41] was adopted in this study. 

2.3.1. Data collection and preparation 
Two harvest seasons were used in this study, i.e., winter of 

2021–2022 and 2022–2023. The output data, yield, input data, tem
perature, RH, and SR were measured at the points shown in Fig. 2, while 
the VPD was calculated from the temperature and RH. The data were 
collected from the two experimental greenhouses (RGH and QGH) for 
ten weeks. With three collection points in each greenhouse and two 
seasons of harvest for 12 weeks, the total data points amount to 144. 
Table 4 presents the plant population at the data points. The yield data 
were recorded every week, whereas the temperature (◦C), RH (%), and 
SR (W.m− 2) were recorded every 10 min and then later arranged for 
every week. Hobo Onset U23-002 sensors with a sensitivity of ± 0.21 ◦C 
(from 0 ◦C to 50 ◦C) were used to record the temperature and RH data. 
Kipp and Zonen pyranometers (CMP3 model) with a sensitivity of < 5 % 
and − 10 ◦C to 40 ◦C and a spectral range of 300–2800 nm were used to 
record the SR. CAS electronic weighing scales, model PB and 
CUW2200H, with a maximum display of 60 kg and 2.2 kg, respectively, 
were used to measure the yield.  

Table 4 
Plant population within the data points during the winter of the planting 
seasons.  

Collection point RGH QGH  
2021–2022 2022–2023 2021–2022 2022–2023 

A1 3 5 2 4 
C3 34 32 35 35 
E5 23 23 22 24  
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Where Y is yield in kg per 10 of acre (kg.10a− 1); ADAT is average 
daily air temperature (◦C); ST is soil temperature (◦C); RH is relative 
humidity (◦C); VPD is vapor pressure deficit (kPa); and PAR is photo
active radiation (µmol.m− 2.s− 1). 

The procedure for data preparation is as follows:  

1. The weekly yield from each point is divided by the plant population 
to get the yield per plant per week (kg.plant− 1week− 1).  

2. While the yield data are arranged weekly, the temperature, RH, VPD, 
and daily SR for the new week is added to the data of the previous 
week in line with the method by Lin [41].  

3. The variant of temperature and RH are made as follows: average 
nighttime temperature (X1), percentage optimum nighttime tem
perature (X2), average daytime temperature (X3), percentage opti
mum daytime temperature (X4), average nighttime RH (X5), 
percentage optimum nighttime RH (X6), average daytime RH (X7), 
percentage optimum daytime RH (X8), average nighttime VPD (X9), 
percentage optimum nighttime VPD (X10), average daytime VPD 

(X11), percentage optimum daytime VPD (X12), and the daily SR 
(X13). 

Ogunlowo et al. [15] reported that the optimum nighttime and 
daytime temperature range for strawberry is 8 ◦C–13 ◦C and 
18 ◦C–23 ◦C, respectively, and the optimum nighttime and daytime RH 
range is 60 %–75 %. 

2.3.2. Statistical analysis and model validation 
To develop the yield model and determine the relationship between 

the variables (X1, X2, …, X13) and yield (Y) and the variables’ contri
bution to the yield, multiple regression analysis—a common tool used 
by Sim et al. and Odey et al. [33,42], among others—was performed 
using Minitab software (Version 20.3). The data from the two harvest 
seasons were divided into two sets. The data from all points in the first 
season and points A1 and E5 were used as a training set, and the data 
from point C3 in the second season was used as a test set. R2, NMBE, and 
RSME were used to validate the developed model. 

Fig. 5. Flowchart of strawberry yield prediction from predicted greenhouse microclimate variables.  

Fig. 6. Experimental and simulated daily heating demand during the experimental period.  

Y(kg.10a− 1) = − 52771.5+ 1194.2*ADAT − 2223.2*ST + 685.0*RH + 56896.3*VPD+ 78.2*PAR (11)   
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Fig. 7. Comparison of the experimental and simulated temperature (a) and RH (b).  

Fig. 8. One-to-one plot of experimental against simulated daily energy demand (a), hourly temperature (b), and hourly RH (c).  
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2.4. Establishing the base case 

After confirming the accuracy of the models, i.e., the DVBES and the 
strawberry yield model, the base case energy demand and strawberry 
yield of RGH were established by deploying the models. Fig. 2 shows the 
flowchart to achieve the energy demand, whereas Fig. 5 shows the 
flowchart to achieve the predicted yield. Fig. 5 shows how the measured 
data was received by Minitab 20.3 software. Using a two-way regression 
analysis, the software generates the empirical model for future predic
tion of the strawberry yield. The greenhouse simulation was carried out 
for the second season of winter from the second week of December 2022, 
when the crop harvest started, to the last week of February 2023. 

The total heating demand for this period was recorded as the base 
case heating demand. Whereas, apart from the heating demand, the 
predicted temperature, RH from the simulation, and the calculated VPD 
were used as input (as shown in Fig. 5) for the newly developed 
strawberry yield model to predict the strawberry yield of the simulated 
period. 

3. Results and discussion 

3.1. Energy, temperature, and RH prediction accuracy 

Figs. 6 and 7 (a and b) compare the experimental and simulated 
heating demand (Exp_HD and Sim_HD), temperature, and RH, respec
tively. For visual clarity, two days of the plot were used in Fig. 7. As 
shown in Fig. 6, on January 25, the heating demand was observed to be 
highest when the average daily ambient temperature (T_Amb) was the 
lowest (− 10 ◦C). In contrast, on January 14 and February 28, the heating 
demand was observed to be least when the average T_Amb was 12 ◦C. 
This indicates the adequate response of the model to the external and 

driving forces. As shown in Fig. 7, while the temperature plot (Fig. 7a) 
shows an almost perfect fit, the RH plot (Fig. 7b) shows a lag between 
the experimental and simulated values. 

Fig. 8 shows the one-to-one scatterplots of the experimental heating 
energy, temperature, and RH against the simulated parameters. A very 
strong deviation of 50 %–80 % can be seen within the RH data (Fig. 8c). 

Table 5 summarizes the model’s accuracy to predict the energy de
mand, temperature, and RH. For the energy demand, the R2 value of 
0.90 suggests a strong correlation between the simulated and experi
mental energy values. According to Casella [43], R2 is a measure of 
goodness of fit of a model with a value of 1 indicating a perfect fit. 
Hence, a value of 0.90 indicates a very good fit. However, the RSME 
value of 36.70 MJ (about 1 L of diesel fuel [44]) indicates a relatively 
high average magnitude of prediction errors. The NMBE value of 3.28 % 
indicates a slight bias in the predictions, while the CVRMSE value of 
21.99 % suggests moderate variation in the prediction errors. The NMBE 
and CVRSME are < 10 % and 30 %, respectively, indicating that the 
model does not require calibration before deployment [39]. 

A similar situation occurred in temperature. The R2 value of 0.89 
indicates a strong correlation between the simulated and experimental 
temperature values, suggesting a good fit between the experimental and 
simulated value [43]. The RSME value of 1.74 ◦C indicates a relatively 
low average magnitude of prediction errors, the NMBE value of − 7.29 
% indicates a significant negative bias in the predictions, and the 
CVRMSE value of 14.24 % suggests a moderate level of variation in the 
prediction errors. The NMBE and CVRSME are also < 10 %. 

However, in the RH situation, the R2 value of 0.50 indicates a 
moderate correlation between the simulated and experimental RH 
values, suggesting a fair fit between the experimental and simulated 
value [43]. The RSME value of 14.62 % represents a relatively low 
average magnitude of prediction errors, the NMBE value of 12.49 % 
indicates a moderate positive bias in the predictions, and the CVMRSE 
value of 18.46 % suggests a reasonable variation in the prediction errors. 
NMBE was slightly above the recommended value of 10 %, whereas the 
CVRSME was lower than 30 %. The RSME value of 14.62 % was also 
similar to that reported by Mashonjowa et al. [34] but with a lesser R2 

value (0.57). The moderate correlation (R2) and relatively low RSME for 
RH indicate a reasonable accuracy level. 

Table 5 
Summary of validation results.   

R2 RSME NMBE CVRMSE 

Energy  0.90 36.70 MJ  3.28  21.99 
Temperature  0.89 1.74 ◦C  − 7.29  14.24 
RH  0.50 14.62 %  12.49  18.46  

Fig. 9. Energy demand on the coldest day.  
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In summary, the model demonstrates a good correlation with the 
actual values for all three variables, namely, energy demand, tempera
ture, and RH, with the magnitude of prediction errors (RSME), bias 
(NMBE), and variation (CVRMSE) within the requirements and toler
ances of its application. Therefore, the model is accurate enough for 
deployment, i.e., it is good enough to predict energy demand, temper
ature, and RH. 

Fig. 9 shows the greenhouse energy demand on its coldest day (25th 
− 26th January 2023). The hourly energy demand increases steadily 
with the decrease in T_Amb. The peak demand of 413 kJ.m− 2 was 
recorded at 6 a.m. when the T_Amb was − 13 ◦C. Beyond this time, the 
greenhouse started obtaining solar energy, causing a rapid fall in the 
energy demand. As expected, the model followed the trend of natural 
phenomena. 

3.2. Strawberry yield prediction accuracy 

A regression model was developed to ascertain the effect of green
house microclimate temperature, RH, and SR on the “Seolhyang” cultivar 
of strawberry. The microclimate variables and yield data were computed 
using two-way interactions and quadratic terms, and these data were 
used to quantitatively estimate the relationships and variables’ contri
bution to the strawberry yield. The model was developed using signifi
cant variants of the greenhouse temperature RH, and SR. 

The derived regression model is: 

Y(kg.plant − 1.week − 1) = − 0.276+ 0.0331 × X1+ 0.00854

× X2 − 0.002363 × X8 − 0.000111

× X13 − 0.000804 × X1 × X2 (12) 

Where Y is the predicted strawberry yield (kg.plant− 1.week− 1), X1 is 
the average nighttime temperature (◦C), X2 is the percentage optimum 
nighttime temperature (%), X8 is the percentage optimum daytime RH 
(%), and X13 is the SR (W/m2). 

The yield variance is measured by the constant term in the equation 
if the microclimate variables remained constant for the period. It also 
accounts for factors such as fertigation and better farm management 
practices. The regression estimates show a strong relationship between 
the variables and the yield with p (⍺=0.01) < 0.01, and the variables 
account for about 40 % of the changes in the strawberry yield, with R2 of 
0.399, as shown in Fig. A.1. As illustrated in Eq. (12), a unit in the 
average night shift temperature will lead to an increase in yield by 
0.0331 kg.plant – 1.week – 1, a unit in the change in percentage optimum 
nighttime temperature will increase the yield by 0.00854 kg.plant – 1. 
week – 1, a unit change in percentage optimum daytime RH will reduce 
the yield by 0.002363 kg.plant – 1.week – 1, a unit change in SR will 
reduce the yield by 0.000111 kg.plant – 1.week – 1, and a unit change in 
the product of the average and percentage optimum nighttime temper
ature will reduce the yield by 0.000804 kg.plant – 1.week – 1. Of the 
variables, X13 contributed the most variation to the yield. In contrast, 
X2 contributed the least variation (see Fig. A.2). The four variables 

Table 6 
Validation variables and metrics of the strawberry yield.  

Week X1 X2 X8 X13 E_Y P_Y R2 RSME NMBE 

1  9.880  85.238  33.333 197.955  0.011  0.001  0.978 0.008 kg 8.936 % (<10 %) 
2  9.651  86.857  35.238 202.730  0.021  0.005    
3  9.507  88.095  34.921 206.597  0.002  0.012    
4  9.530  89.252  34.014 209.216  0.005  0.014    
5  9.572  87.976  33.333 203.733  0.017  0.014    
6  9.499  88.889  32.099 209.768  0.014  0.020    
7  9.460  89.524  30.635 217.934  0.023  0.024    
8  9.532  89.524  30.159 225.271  0.029  0.022    
9  9.613  89.841  30.291 220.233  0.022  0.019    
10  9.729  89.451  29.060 225.154  0.019  0.017        

Total  0.162  0.148    

X1, average nighttime temperature (◦C); X2, % optimum nighttime temperature (%); X8, % optimum daytime RH (%); X13, solar radiation (W/m2); E_Y, measured 
yield (kg); P_Y, predicted yield (kg). 

Fig. 10. Base case total energy demand for 3 months of 2022–2023 winter season.  
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conform with the report by Tang et al. [37], indicating that daytime 
shading and nighttime heating affect the strawberry yield. In other 
words, SR and nighttime temperature affect the strawberry yield. 

The test data presented in Table 6 was used to check the deploy
ability of the model. The R2 value of 0.98 indicates a strong correlation 
between the predicted and measured yield values, suggesting a sug
gesting a good fit between the experimental and simulated value [43]. 
The RSME value of 0.008 kg indicates a relatively low average magni
tude of prediction errors, and the NMBE value of 8.936 % indicates a 
moderate bias in the predictions. The NMBE value is less than the 
acceptable level of 10 %, suggesting a recommendation for deployment. 

With this model, the weekly strawberry yield in a greenhouse can be 

predicted if the average nighttime temperature, percentage optimum 
nighttime temperature, percentage optimum daytime RH, and solar ra
diation are known. 

3.3. Base case energy demand and strawberry yield 

Fig. 10 and Table 7 show the base case energy demand and straw
berry yield for the winter season (December 2022–February 2023). Of 
the total energy demand (113.861 MJ.m− 2), the highest demand of 
48.914 MJ.m− 2 was recorded in January, followed by 47.424 MJ.m− 2 

recorded in December. The lowest energy of 18.168 MJ.m− 2 was 
recorded in February. The peak hourly heating demand of 0.413 MJ.m− 2 

was recorded at − 13 ◦C in January (a common peak period in winter as 
evidenced by Rasheed et al., Baglivo et al., and Cornaro et al. [8,16,27]. 
It is important to note that the predicted value presented in Table 7 is an 
ideal value; hence, it was higher than the measured value. 

Greenhouse farming has become a critical component of modern 
agriculture, enabling the cultivation of crops in controlled environments 
irrespective of external weather conditions. However, one of the critical 
challenges associated with greenhouse farming is managing energy 
consumption, as creating and maintaining the optimal conditions for 
plant growth often requires significant energy inputs for heating, cool
ing, lighting, and other operations. This energy consumption contributes 
to operational costs and environmental impacts, such as increased 
greenhouse gas emissions and resource depletion. In this study, to 
establish a base case energy demand and strawberry yield, a ventilated 
DVBES model was developed. For possible future evaluation, the model 
was integrated with a PCM component, simulated under a no-fill 
scenario. 

Table 7 
Base case yield, calculated from the DVBES predicted microclimate data.  

Week X1* X2* X8* X13 Y* 

1  9.601  58.095  7.937 220.544  0.046 
2  9.526  61.429  9.524 203.684  0.048 
3  9.026  49.841  10.582 181.095  0.042 
4  8.844  45.476  9.524 234.185  0.033 
5  8.813  45.333  9.206 223.744  0.035 
6  8.971  46.825  8.201 223.624  0.039 
7  9.071  46.939  7.710 162.868  0.046 
8  8.990  45.238  7.738 253.772  0.034 
9  8.999  44.868  7.584 283.802  0.031 
10  9.142  45.619  7.460 286.597  0.031 
11  9.230  48.398  8.081 180.811  0.045 
12  9.352  50.238  8.201 273.724  0.035     

Total  0.466 

*: Predicted data. 

Fig. A1. Minitab 20.3 summary report on the relationship between the variables and yield.  
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Having established the base value for energy demand and yield, re
searchers and agricultural practitioners can conduct resource efficiency 
to identify areas with less energy consumption or suboptimal yields, 
prompting targeted interventions for improvement. Comparative anal
ysis of different greenhouse designs (such as PCM type, orientation, 
location, among others), technologies, and management practices can 
also be conducted to identify which parameters significantly affect en
ergy consumption and yield, leading to insights about the most effective 
ways to optimize these aspects. On sustainability, by researching and 
implementing strategies to reduce energy consumption in greenhouse 
environments, the overall ecological footprint of agriculture can be 
lowered, making the industry more sustainable in the long run. By 
identifying design parameters that result in energy savings without 
compromising crop yield and quality, farmers can enhance their prof
itability. Food security and regulatory compliance are other reasons this 
study is of importance. 

In summary, establishing a baseline for energy demand and yield in 
greenhouse environments provides a solid starting point for conducting 
research to optimize energy consumption and promote sustainable and 
efficient agricultural practices. Researchers can uncover innovative so
lutions that balance productivity, resource efficiency, and environmental 
responsibility by exploring various greenhouse design parameters. 

4. Conclusion 

In conclusion, this comprehensive study has successfully established 
fundamental parameters for a single-span double-layer with a thermal 

screen (DVBES) greenhouse, shedding light on energy demand and 
strawberry yield considerations. Through the innovative development of 
a ventilated DVBES model within the TRNSYS 18 software, the research 
not only accurately predicts critical greenhouse parameters such as en
ergy consumption, temperature, and relative humidity but also in
troduces a strawberry yield model that incorporates essential factors like 
temperature, relative humidity, and solar radiation. The precision of this 
yield model, showcasing minimal errors, underscores its reliability. 

The study’s findings provide valuable insights for greenhouse man
agement and sustainable agricultural practices. For a specific scenario 
represented by the Daegu location with an east–west (90◦) orientation, 
the established base case parameters indicate an energy demand of 
113.861 MJ.m− 2 and a corresponding strawberry yield of 0.466 kg. 
plant− 1 over a winter season. These outcomes contribute to optimizing 
greenhouse operations, facilitating informed decision-making for energy 
consumption and crop productivity. 

Overall, the integration of advanced modeling techniques and 
empirical data not only advances our understanding of greenhouse dy
namics but also offers a framework for future research endeavors to 
enhance resource efficiency, crop yield, and environmental sustain
ability within controlled agricultural environments. 
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Fig. A2. Minitab 20.3 summary report on the variables’ contribution to the yield model.  
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