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ABSTRACT

This review explores the key components of crop production and energy consumption in indoor
farming, where it usually consists of systems such as LED lighting, ventilation (fans), humidity
and hydroponics systems to offer controlled environments for crop growth. However, these systems
consume large amounts of energy. Thus, it is necessary to reduce this energy consumption in crop
production. This review examines three modelling approaches for energy optimisation, namely: white
box (physics-based), black box (data-driven), and grey box (a hybrid of the two). Each method's
strengths and limitations are discussed in terms of their application to indoor farming. The findings
emphasise the importance of selecting the right optimisation model based on specific goals and
resources, with the potential to significantly improve energy efficiency in indoor farming. Further
research is encouraged to refine these models and support sustainable food production.
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has become a problem. To ensure a sufficient food supply, food must be transported from
rural areas. This will cause a rise in the food price. During the COVID-19 pandemic that
affected 186 countries between December 2019 and March 2020, it was observed that
there was a significant increase in the risk of severe food insecurity. The number of people
facing such insecurity rose from 135 million in January 2020 to 265 million by the end of
the year (Food Security Information Network, 2020). The pre-COVID era allowed food
to be transported worldwide, and this mode was stopped suddenly during the outbreak of
the pandemic. City lockdowns and shop closures have caused limited access to farm inputs
such as seeds, fertilisers, and labour. This had resulted in low production of vegetables
(Sridhar et al., 2023). According to Gregorio and Ancog (2020), the pandemic had caused
the agricultural production volume in Southeast Asia during the first quarter of 2020 to
reduce by 3.11% due to labour shortage and 100.77 million individuals were affected by it.

There is a solution proposed by Professor Dickinson Despommier (1999) to grow
vegetables and fruits in the empty spaces in the cities, including rooftops, old buildings and
factories. This concept is known as vertical farming. By the definition of the Cambridge
Dictionary, vertical farming is the activity of growing crops in many layers, one above the
other, inside a building or under the ground, often in a specially controlled environment.
The statistics of the 2021 Global CEA Census Report showed that the common crops being
grown in vertical farming included salad greens (58%), herbs (49%), microgreens (46%)
and other leafy greens (40%).

There are several key components in a vertical farm. They are the multi-layer growing
shelves, artificial lighting, air conditioning system, irrigation system (soil medium),
hydroponic system (soilless medium) and ventilation system. In most vertical farming
systems, hydroponic systems are used to replace soil as a growing medium that provides
nutrients to the crops. Compared to conventional greenhouses or open fields, hydroponic
farming requires a lot less fresh water. Due to the closed system, there is almost no
evaporation and no runoff. A larger interest in vertical farming and hydroponic farming
will emerge when fresh water becomes a rarer resource, reducing the requirement for
water in agriculture.

One of the most concerning issues of the operation of vertical farming in the cities is
the energy consumption. The operation of vertical farming consumes a large amount of
electricity. Artificial lighting, temperature control, and hydroponics systems are the most
energy-consuming components of an indoor farm. According to the 2021 Global CEA
Census Report, vertical farms have a significantly higher average energy use at 38.8kWh
per kg of produce as opposed to traditional greenhouses, which average 5.4kWh per kg
of produce, which is about 7 times higher. In the same report, it was mentioned that the
biggest sources of energy consumption in vertical farming are lighting (55%), cooling
or ventilation (30%) and heating (11%). Several studies reported that the light-emitting
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diode (LED) alone accounts for about 55 to 65% of vertical farm operations. Electricity
for lighting has been found to be the greatest energy consumer in vertical farms.

This paper has the following objectives: (1) to provide an overview of the energy usage
of vertical farms; and (2) to identify the current research in the energy-saving methods
of vertical farm operation. The advantages and disadvantages of each type of energy
optimisation approach are also discussed in this paper.

REVIEW METHODOLOGY

To ensure a comprehensive understanding of the background and current state of vertical
farming technologies, a search was conducted across four databases: Google Scholar,
ScienceDirect, ResearchGate and Google Search (as a supplementary). The search was

99 ¢

conducted using a few specific keywords, including: “vertical farming”, “indoor farming”,
“hydroponics”, “energy consumption”, “lighting”, “energy optimisation”, and “energy
saving”. Most of the selected papers were published after 2015, except those that explained
the most fundamental theory of related topics, such as the history of lighting and indoor
vertical farming. After selection, the papers were categorised according to black-box,

white-box and grey-box modelling approaches.

Cultivation Methods
Hydroponic System

Plants or crops can be grown without soil in this system. Instead of soil, the roots are
immersed in a nutrient-rich water solution that supplies the nutrients. The use of water
is effective. Since water resources are also scarce nowadays, the saving of water is also
becoming the focus of the agricultural field. By 2050, more than half (57%) of the global
population will live in regions where water scarcity occurs for at least one month each
year (Boretti and Rosa, 2019). Soil cultivation consumes a large amount of freshwater.
Therefore, a method to save water in the agricultural field is important. In indoor farming
using hydroponics systems, 70 -95% of water can be saved (Mir et al., 2022). Romeo et al.
(2018) also supported this statement by the findings, where hydroponic systems consumed
water seven times lower than greenhouse and four times lower than open-field agriculture.

Aeroponics System

This is a type of soilless cultivation method where plant roots are suspended in a closed
chamber and sprayed with nutrient solution to provide the essential nutrients for root
growth. This method allows root access directly to oxygen and can have a faster growth
rate compared to the traditional cultivation method. Aeroponics systems also reduce water
consumption compared to soil-based cultivation. Another advantage of it is the minimal
space usage that makes it suitable for application in cities where land availability is limited.
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Aquaponic System

It is a symbiotic ecosystem where aquaculture and hydroponics are integrated in a
recirculating environment. In this system, the waste from the fish provides an organic
food source for the plants. The plant acts as a filter to purify the water, and then the water
is cycled back to the fish tank. This symbiotic relationship reduces the need for fertilisers
and allows for the opportunity of dual harvest of crops and fish.

Components of Vertical Farming

Lighting

By growing crops indoors, artificial lighting is essential to replace natural sunlight that
provides energy for the photosynthesis reaction. In the early stages, fluorescent lamps were
used as the source of lighting for crop growth (Wheeler, 2008). More than 10% of the total
photon emission within the photosynthetically active radiation (PAR) spectrum (400-700
nm) is produced by these fluorescent lights (Bantis et al., 2018). Fluorescent lights, on the
other hand, lack the necessary energy to enable the growth of highly productive plants.
Throughout use, the photon output gradually decreases. In commercial indoor farms, high-
intensity discharge (HID) lighting was also used. The spectrum output source of light can
be fixed with an HID lamp to grow crops effectively. The main drawback of HID lamps is
that they are extremely difficult to handle thermally in a plant factory and can scorch leafy
greens at close separation distances (Mitchell & Sheibani, 2020). McCree (1972) published
an article that defined the wavelength range of PAR as 400-700 nm. This has encouraged
plant factory researchers to use specific narrow-band lighting within plant factories. LEDs
were brought into this as they are waveband selectable. Nowadays, LED has become the
most popular artificial lighting being applied in vertical farms.

Temperature and HVAC Control

Initially, it was difficult for vertical farms to effectively control the temperature across
multiple growing environments. However, improvements in temperature management have
been made because of developments in HVAC (heating, ventilation and air conditioning)
systems, including the incorporation of energy-efficient cooling and heating technology.
Real-time monitoring and changes are made possible by the development of accurate
climate modelling and automation systems, assuring the ideal temperature and humidity
levels for varied crops at various growth phases.

Energy Consumption of Vertical Farming

The usage of artificial lighting, heating, and cooling systems, as well as the requirement
for irrigation and ventilation, all contribute to the energy demand in indoor farming.
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Compared to traditional farming, indoor farming has been found to have higher energy
consumption. The structure is established with thermal insulation and is completely isolated
from the outdoor environment. The advantage of this design is the protection of the crops
from the negative effects of pests and weather. To replace sunlight and control the indoor
climate, artificial lighting (LED) and heating, ventilation, and air conditioning (HVAC)
systems are used to create optimal conditions for crop growth. Therefore, the main energy
consumption of indoor farming is lighting and HVAC (Graamans et al., 2018).

Energy use per kilogram of product varied widely. More than half of the farms used
less than 10 kWh per kilogram, and 20% used even less, under 1 kWh per kilogram. But
some farms used a lot more energy, which pulled up the average. So, the middle value
(median) was 5.4 kWh per kilogram, but the average was much higher at 22.5 kWh per
kilogram (Horomia & Gordon-Smith, 2021). The comparison was shown in Figure 1.

Lighting has been concluded to be the biggest energy consumer in vertical farms.
According to the 2021 Global CEA Census report, lighting accounted for 55% of
the energy consumption. In addition, based on the research of Avgoustaki and Xydis
(2020), lighting costs are approximately 80% of the electricity consumed, while the
total electricity reaches up to 40% of the total operating expenses. The significant
electricity usage for lighting is primarily due to the crops requiring extended periods
of artificial light for photosynthesis, especially when natural sunlight is not available.

55%
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Lighting Heating Cooling/ Mechanical Automation All other
Vents

Figure 1. Breakdown of energy consumption in greenhouses (GH) and vertical farms (VF) (Horomia &
Gordon-Smith, 2021)
Note. y-axis represents the percentage of energy consumption
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The required light levels for office buildings should be between 300 and 600 lux, whereas
the value for indoor lettuce growing is between 10000 and 18000 lux (Eaton et al.,
2021). In traditional outdoor farming, sunlight acted as the sole source of light energy for
photosynthesis. Most of the crops growing indoors require a photoperiod of 12-16 hours
for photosynthesis. Thus, electricity expense for lighting is unavoidable in indoor farming.
According to Ampim et al. (2022), if developed countries such as the United States adopt
vertical farms extensively, the country’s energy needs can increase up to eight times from
the current amount generated by all the power plants.

In the energy profiling research of a plant factory by Shaari et al. (2021), air
conditioning systems or HVAC (heating, ventilation and air conditioning) have higher
energy consumption (51%) compared to lighting systems (36%). In their plant factory, the
air conditioning system runs longer than the LED lights. This is an exception to the research
concluded by other scholars mentioned above. However, in the report of the American
Council for an Energy-Efficient Economy, HVAC systems are identified as the second most
significant energy consumers. Their energy usage can range from 25% to 50% of the total
energy consumption, depending on factors such as location, facility type, and the specific
crops being cultivated. Another main reason for the high energy consumption of HVAC
is the internal heat loads. According to Graamans et al. (2020), heat loads are caused by
the high-density crop production, limited volume and lack of natural ventilation. Heat
loads required more energy for the cooling and ventilation system to maintain the optimal
temperature inside. They advised the future designer to include a better fagade for natural
heat dissipation. This suggestion was proven by Sohn et al. (2023), who included more
outlets for airflow in their container farm and successfully improved the airflow. Natarajan
et al. (2022) also stated that by adding external fans to indoor farms, the temperature can
be decreased. This natural temperature control can save energy as well.

In addition, most indoor farming uses a hydroponic system to grow vegetables instead
of soil-based methods. The pumping system is working continuously twenty-four hours
per day to deliver water that contains essential nutrients throughout the entire system for
crop growth (Sihombing et al., 2018). In fact, they proved that continuous watering is not
necessary for the hydroponic system, in which they found that intermittent operation of
the pumping is a better solution to reduce the energy consumed.

Earlier research by Barbosa et al. (2015) compared the energy consumption between
greenhouse and outdoor methods for lettuce planting. They found that the greenhouse
produced more yield than conventional methods but consumed 82 times more energy
per kilogram produced. The most energy-consuming parts were heating and cooling,
lighting and the pumping system. Besides, extensive research by Arcasi et al. (2024)
compared the energy consumption of vertical farms in three different cities, i.e.,
Naples, Riyadh and Stockholm. They represent three climatic conditions: hot-summer
Mediterranean climate, hot desert climate and warm summer humid continental climate.
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The lighting system consumed 65% to 85% of the energy, followed by HVAC. The
circulating fan consumed less than 1% energy. The increase in photosynthetic photon flux
density (PPFD) required also increased the total energy consumption of three farms. PPFD
measures how many PAR photons are arriving at a specific leaf area (u mol/ (m?/s)).

Despite the numerous advantages that vertical farming offers over traditional
agricultural practices, high energy consumption emerges as a pivotal challenge. Vertical
farming systems can have significant energy needs, which raises expenses and has an
adverse effect on the environment. As a result, improving energy efficiency in vertical
farming systems has emerged as a crucial factor in the pursuit of sustainable agriculture.
Researchers from across the globe have been diligently exploring diverse methods to
enhance the energy efficiency of vertical farms. To implement sustainable agriculture, the
next section will evaluate the technology and strategies for maximising energy efficiency in
vertical farming systems. The challenges and opportunities for optimising energy efficiency
in vertical farming systems will be highlighted by examining current practices and energy
consumption patterns.

Energy Optimisation Review

There have been some changes in the technologies used in vertical farming over the years to
reduce energy usage and increase productivity. In this review, we divided the related studies
into three major types, i.e., physical structure, data-driven and hybrid. The categories reflect
the most popular approaches in indoor farming energy optimisation. By analysing these
three types, we can better understand how each contributes to advancements in the field.

In modelling processes, there are three main categories, i.e., the black-box, white-box
and grey-box modelling (Arendt et al., 2018; De Buck et al., 2023; Zaidan et al., 2019).
Black-box modelling focuses on data-driven approaches, and white-box modelling is based
on physical structure. Grey-box is a mixture of both.

White-box Modelling

With the growing trend of computer technology and artificial intelligence, researchers
have begun to employ increasingly advanced methods for optimising energy usage in
vertical farming. White-box modelling simulates the energy consumption patterns of a
whole building by considering building geometry, internal heat levels, sublevel systems
and operation parameters (Kim et al., 2022). Hence, it requires the users to have a thorough
understanding of building knowledge for better output results (Amara et al., 2015). The
white box model has the benefit of having a strong explanatory ability, but inputting all the
specific structural parameters might be time-consuming (Pan et al., 2023). Usually, white-
box modelling is used to simulate energy consumption and optimise the HVAC systems,
lighting and other energy-consuming systems in indoor farming.
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The optimisation of vertical farming energy use can also be increased by including
energy software that can model and simulate the energy consumption of indoor buildings.
EnergyPlus™ and Transient System Simulation Program (TRNSYS) are the most popular
building energy modelling (BEM) software for white-box modelling. EnergyPlus™ is a
comprehensive building energy simulation software employed by engineers, architects,
and researchers to simulate various aspects of a building's energy usage, including
heating, cooling, ventilation, lighting, appliances, and water consumption. EnergyPlus
was developed by the US Department of Energy for indoor building energy simulation
processes. Figure 2 illustrates the working flowchart of EnergyPlus. TRNSYS is a software
that can simulate the behaviour of transient systems. It contains extensive libraries of
components that allow the modelling of the performance of different systems such as
pumps, turbines, HVAC systems, and weather data processors.

The robustness of EnergyPlus has been proven by several scholars. Hachem-
Vermette and MacGregor (2017) designed their indoor growing centre in Canada by
simulating the operation of the usage of photovoltaic panels and Solid Oxide Fuel Cells
as additional energy sources. They were able to reduce the thermal load by 65% and
energy consumption by 30%. Wang and Iddio (2022) simulated the misting systems
used for cooling and humidification in the indoor farming facility. The simulation
result was compared with the measured data. The model produced by EnergyPlus
successfully reduced 4.7% of electricity and 48.1% of natural gas use. EnergyPlus was
also applied by Liebman-Pelaez et al. (2021) in the simulation of a container farm.

Building Description Bonding
EnergyPlus
5| Simulation Manager
|
Heat and | _—
Mass | Building e
Aty Balance | Systems flien Interfaces
letworl . . | . . jodels
(T;w{ S|mu|at|o|'10:l1e8|mu|at|0n '0_
ransier
Update
S
. Display
Calculation Results Results

Figure 2. EnergyPlus flowchart (U.S. Department of Energy, 2022)
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The information, including outdoor climate, building envelope, lighting load, crop
parameters and lighting system and plant evapotranspiration, was entered into the
EnergyPlus software. Although the model was found to be underestimating the cooling
energy consumption, it overestimated the lighting, equipment and dehumidifier energy
consumption. Eaton et al. (2023) modelled energy use of a multi-layer plant factory
for lettuce growth in EnergyPlus by entering the specifications of building information,
environmental control, crop parameters and lighting system into it. Several models were
simulated for selection. Their lighting saving strategy saved 24% energy, the HVAC model
saved 40-69% and maintaining the elevated levels of CO2 saved energy by 13-14%. In
total, the software model was able to reduce energy consumption by 46%.

One of the advantages of EnergyPus is the ability to predict the energy consumption
on an hourly or monthly basis. This allows management teams to accurately manage the
operation of their indoor buildings. Shabunko et al. (2018) and Lamagna et al. (2020) had
proven the effectiveness of EnergyPlus in the benchmarking of energy consumption. In
terms of indoor farming, Dahlan et al. (2018) demonstrated the monthly energy prediction
of a tomato greenhouse as shown in Figure 3.

TRNSYS was used by Talbot et al. (2022) to compare the energy performance
between a greenhouse and a container farm. In their experiments, the physical
spaces of the greenhouse and container were modelled using TRNSYS. The
parameters being compared were (1) the energy consumption, (2) the peak electricity
demand and (3) the associated greenhouse gas emissions. As a result, analysis of
TRNSYS showed the container farm has better performance with lower energy
consumption, lower peak electricity demand and less greenhouse gas emissions.

Greenhouse Energy Baseline (Monthly)
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Figure 3. Energy (kWh) profiling of a plant factory by Dahlan et al. (2018)
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Wai et al. (2022) investigated the energy consumption of the cultivation of strawberries
in controlled environment rooms under a tropical climate using TRNSYS for modelling
purposes. The developed model was validated by comparing the computed room air
temperature from the model with the experimental room temperature. The statistical
analysis revealed that the developed TRNSY'S model was accurate in simulating the indoor
condition with an RMSE at 9.2%. Besides, Yeo et al. (2022) demonstrated the combination
of TRNSYS and CFD models. The physical specification of the rooftop greenhouse was
designed using the software. The thermal energy flow was calculated using the BES. Energy
exchange inside the greenhouse was also. They were able to reduce the energy load by
5.2% (464, 673 MJ). An alternating air temperature management (ATM) was applied to
change the indoor temperature over time, where different temperatures were provided during
the day and night. This ATM approach was able to further reduce the energy consumption
for 11.8%. TRNSYS's ability to predict the energy use of a strawberry greenhouse was
proven by Ogunlowo et al. (2023). In the research of Rasheed et al. (2020), TRNSYS
successfully reduced the energy by suggesting different ventilation systems and thermal
screens. Thus, TRNSYS is a reliable tool in energy modelling of indoor farming.

Black-box Modelling

One of the black box approaches to optimise indoor energy consumption is called model
predictive control (MPC). MPC is a type of advanced control strategy that models inputs to
predict future behaviours and make optimal control decisions. During each control interval,
the MPC algorithm aims to enhance future plant performance by calculating a series of
upcoming adjustments to manipulated variables (Qin & Badgwell, 2003). MPC is used
in many different fields of engineering, including process engineering, power electronics,
building climate and energy and manufacturing (Schwenzer et al., 2021).

MPC was a popular choice in energy optimisation. Achour et al. (2020) applied an
MPC method to optimise the climate variables in a greenhouse. The controlled parameters
included temperature, relative humidity, CO, rate, lighting levels, natural ventilation and
energy consumption. The system was operated via a wireless sensor network (WSN) and a
centralised model predictive controller. The proposed model was a supervisory model with
real-time control to effectively manage the overall energy and water demand. MATLAB
was the software used to mathematically model the system. The proposed model can
significantly reduce the energy consumption and CO2 emissions, although the exact amount
of energy saved was not mentioned. MPC was also discovered by Bersani et al. (2021) to
minimise the total energy use in a greenhouse. The MPC model acted as an optimisation
model to determine the optimal control signals related to the hot water flow in the heating
plant. In the MPC model testing stage, the heating system was manipulated according
to the difference between the current temperature and the proposed optimal temperature.
The results showed that 30% of electric power was saved by this MPC approach.
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Mathematical models have been proven by several researchers. Pimentel et al. (2023)
proposed a model for the purpose of energy efficiency by using a formulation via the
P-graph framework. P-graph is a combinational approach to synthesising and optimising
process networks. It has demonstrated significant superiority in lowering the associated
computational load and is incredibly effective at solving problems with high combinatorial
complexity. The case study results point to potential savings of up to 40% in the cost of
imported electricity for the given day and up to 31% for the full year. Another mathematical
model called Mixed-Integer Linear Programming (MIP) models was presented by Delorme
and Santini (2022). A mixed-integer programming (MIP) problem is characterised by having
certain decision variables constrained to take integer values (e.g., whole numbers like -1,
0, 1, 2, etc.) at the optimal solution. Delorme and Santini (2022) proposed a polynomial
number of variables (M1), a pseudo-polynomial number of variables (M2) and a hybrid MIP,
which only used binary variables (M3) to minimise the energy consumption of automatic
elevators in their plant factory. M1 was concluded to be the most efficient model.

Artificial intelligence methods are the most popular trend in energy optimisation
of indoor farms. Different algorithms such as genetic programming, deep learning and
Bayesian networks were applied to simulate and reduce energy consumption. Murakami
et al. (2018) developed an addictive Bayesian network for the minimisation of energy
cost in plant factories. A Bayesian network is a probabilistic model that represents a set of
random variables and their conditional dependencies via a directed acyclic graph (DAG).
It is an effective technique for simulating complex systems and generating predictions from
ambiguous or insufficient data. By considering the effect of weather factors on electric
power consumption, an appropriate operation plan of cultivation systems was decided to
reduce energy cost while producing plants with the same amount and quality. Simulation
results showed that the operation plan of cultivation systems properly reflected the effect
of electricity charge and weather factors on electric power consumption to reduce energy
cost. A total of 1.13% energy cost was saved.

Two nonlinear models, i.e., genetic programming (GP) and feedforward artificial
neural networks (FNNs), were combined by Olvera-Gonzalez et al. (2021) to predict
energy consumption in closed indoor farms. GP is an evolutionary computation (EC)
technique that automatically solves problems without having to tell the computer explicitly
how to do it (Langdon et al., 2008). FNN is a neural network where information moves
in only one direction—forward—from the input nodes, through the hidden nodes and
to the output nodes. There are no cycles or loops in the network. In this research, inputs
included in the models were light intensity, RGB components, white light component,
light operation frequency and the duty cycle of the farm. The GP model had a training
accuracy of 96.1%, and the FNN model had 98.99% accuracy. In terms of testing
accuracy, the GP model achieved 95.35%, and the FNN model achieved 98.21%.
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Thus, the FNN model was concluded to have better generalisation than GP. Khudoyberdiev
et al. (2020) developed fuzzy logic as a control for energy optimisation in an IoT-based
hydroponics environment. Fuzzy logic is an Al technique that describes the linguistic
control value in the form of control parameters. It describes human preferences and
experiences via fuzzy rules and membership functions. The parameters in this paper
included water and humidity levels. These parameters came from the water pump, overflow
system, dehumidifier and fogging system. This study used the fuzzy logic control module
to define the operating duration limit and working level for the actuators based on IF-
THEN rules while considering the optimised data and current sensing data. The outcomes
proved the fuzzy logic to be a feasible method to control the operation of the hydroponics
system, as 18% of energy consumption was reduced. Hu and You (2024) utilised deep
learning techniques to develop an energy model for lettuce production in a plant factory.
Deep learning is a machine learning technique that mimics human neural networks to learn
and predict future trends from existing datasets. The parameters, including temperature,
humidity, and carbon dioxide level, are controlled in the deep learning network to create
an optimal growing condition for the crops. As a result, an 8.75% reduction in energy
consumption was achieved by this model.

Grey-box Modelling

Talbot and Monfet (2024) constructed a dynamic crop model that can predict the growth
of lettuce and integrate it into TRNSYS. The growth model is an algorithm proposed by
van Henten (1994) and was adjusted by using the growth requirements of lettuce. The
adjusted growth model was modelled in the TRNSYS software for energy analysis. They
concluded the predicted energy use of the grey-box model had 3.5% variation compared
to the experimental data.

Another grey-box modelling of combining KASPRO (a dynamic model to calculate
the climate conditions in greenhouses) and EnergyPlus was carried out by Graamans et
al. (2018). The purpose of EnergyPlus was to compensate for the differences between a
greenhouse and a plant factory. The simulation showed that the plant factory consumed
more energy than greenhouses. This is caused by artificial lighting. However, in terms of
energy use efficiency, the plant factory showed better performance than greenhouses (1411
MJ kg! dry weight vs 1699 MJ kg! dry weight).

EnergyPlus, as a modelling tool alone, is not accurate as the crop biological processes,
such as evapotranspiration, soil’s heat conduction, and convective and radiative heat
exchanges between the plants’ canopy, can contribute to the energy consumption. Therefore,
Ledesma et al. (2022) co-simulated the operation of a hydroponics farm by considering the
crop growth model in MATLAB. The output of MATLAB became input for EnergyPlus,
and the EnergyPlus Co-Simulation Toolbox was used to communicate with MATLAB.
The thermal load decreased by 42%.
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Unlike white-box modelling and black-box modelling, which are popular in the energy
optimisation of indoor farming, grey-box modelling is not a common practice. In the
meantime, grey-box modelling is popular in other building thermal and energy optimisation.
Kim et al. (2022) reviewed 21 articles published from 2006 to 2022 on this topic. Hence,
grey-box modelling is proven to be robust in energy optimisation. Future indoor farm
energy optimisation can consider this approach as shown in Table 1.

The graph shows comparisons of energy-saving techniques used in indoor farming
across various research studies using different modelling tools. Black-box and white-box
models are used to categorise the studies, and each bar shows the stated percentage of
energy savings. In the black-box category, Khudoyberdiev et al. (2020) used Bayesian fuzzy
logic to reach higher savings of about 20%, whereas Hu and You (2024) utilised a deep
learning model and produced moderate energy reductions. Using an unidentified black-
box technique, Murakami et al. (2018) showed negligible energy savings. Using TRNSYS
software, Yeo et al. (2022) transitioned to white-box models and obtained modest savings
that were comparable to those of a deep learning model (Hu & You, 2024). The EnergyPlus-
based investigations by Hachem-Vermette and MacGregor (2017) and Eaton et al. (2023),
however, demonstrate noticeably greater energy savings, with the study demonstrating about
30% and the study reaching over 50% (Eaton et al., 2023). This implies that compared to
black-box methods, white-box models—especially EnergyPlus—generally result in greater
energy savings. The comparison was shown in Figure 4.
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Figure 4. Energy saving comparison
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Summary of energy optimisation research

Models

Platforms/
Algorithms

Authors

Type of Facility

Outcomes

White box

EnergyPlus

Hachem-Vermette and
MacGregor (2017)

Liebman-Pelaez et al.
(2021)

Wang and Iddio (2022)

Eaton et al. (2023)

Indoor growing centre

Container farm

Indoor farm facility

Multi-layer plant factory

able to reduce the thermal
load by 65% and energy
consumption by 30%
An hourly prediction
model of energy
consumption was
constructed

Electricity reduces by
4.7%, and natural gas
reduces by 48.1%

Total energy saving by
46%

TRNSYS

Talbot et al. (2022)

Wai et al. (2022)

Yeo et al. (2022)
Ogunlowo et al. (2023)

Rasheed et al. (2020)

Greenhouse vs container
farm

Indoor strawberries
cultivation

Rooftop greenhouse
Strawberry greenhouse

Container farms show
better performance

in terms of energy
usage, electricity

and greenhouse gas
emissions.
Simulation with 9.2%
RMSE

Energy saving by 11.8%
Accurate energy
consumption prediction
Design different
ventilation and thermal
screens

Black box

MPC algorithm

Achour et al. (2020)

Bersani et al. (2021)

Greenhouse

Greenhouse

Reduce the energy
consumption and CO2
emissions

30% of electric power
was saved

Mathematical
models: P-graph

Pimentel et al. (2023)

Lettuce vertical farms

Reduce 40% of electricity
for the given day and
31% for the full year

Mathematical
models: MIP
models

Delorme and Santini
(2022)

Plant factory

Minimised the energy
consumption of automatic
elevators

Bayesian network

Murakami et al. (2018)

Plant factory

Reduce 1.13% of energy
cost

Genetic
programming
+ Feedforward
artificial neural
network

Olvera-Gonzalez et al.
(2021)

Closed indoor farm

GP: training accuracy
96.1%, testing accuracy
95

35%

FNN: training accuracy
98.99%, testing accuracy
98.21%

Fuzzy logic

Khudoyberdiev et al.
(2020)

IoT-based hydroponics
environment

18% of energy
consumption was reduced

Deep learning

Hu and You (2024)

Plant factory

Reduce 8.75% energy
consumption
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Table 1 (continued)

Models Platforms/ Authors Type of Facility Outcomes
Algorithms
Grey-box ~ TRNSYS + Talbot and Monfet Controlled agriculture 3.5% variation in the
dynamic crop (2024) environment spaces predicted energy model
model
EnergyPlus + Graamans et al. (2018) Greenhouse vs Plant The plant factory
KASPRO Factory showed better energy use
efficiency

EnergyPlus + crop Ledesma et al. (2022) Rooftop farms Reduce thermal load by
growth model in 42%
MATLAB

DISCUSSION

White-box models focus on thoroughly understanding the physical processes that drive
energy consumption, whereas black-box models prioritise prediction accuracy, often at the
expense of interpretability (Shahcheraghian et al., 2024).

The advantages of EnergyPlus as a white-box model are that it provides and considers
all details of the whole building in the modelling process. This enables us to study the
relationship between the outputs and building structures. The white-box model required
extensive descriptions of the buildings and calibration efforts. Thus, it is suitable for
complex building systems optimisation (Kim et al., 2022). The occupant comfort can
be taken into consideration. The white-box models can be constructed from the prior
information without the need for any observation (Amara et al., 2015) or historical operation
data (Shahcheraghian et al., 2024). EnergyPlus is usually applied for preliminary simulation,
and MOGA requires the data to be collected first. But a white-box model is more difficult
to construct, as they need to include all the data. EnergyPlus has an extensive library
of building components. It contains a toolbox that provides integrated and concurrent
solutions, heat balance-driven computations, flexible sub-hourly time steps, comprehensive
heat and mass transfer calculations, advanced fenestration models, illuminance and glare
assessments, component-based HVAC modelling, and a variety of predefined HVAC and
lighting control strategies. According to Zhu et al. (2012), EnergyPlus has sub-hourly,
user-definable time steps for the interaction between thermal zones and the environment,
and variable time steps for interactions between the thermal zones and the HVAC systems.
It allows users to design HVAC systems by inserting and connecting components. The
whole system can be modified and controlled using the Energy Management System feature
without recompiling the program source code.

Black-box modelling uses data in computational, machine learning and statistical analysis
to develop models. This method builds the relationship between the energy consumption and
influencing variables through the empirical models based on the historical data (Liu etal.,2019).
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The process of black-box modelling consists of data collection, data pre-processing, feature
selection, model training and model testing. Data pre-processing, including data cleaning,
outlier elimination and data integration. In feature selection, the most useful variables are
selected by users for the training stage. Data training is the process of training the model to
learn patterns in each dataset. Lastly, the model testing stage will validate the performance
of the produced model. Some popular black-box models included Support Vector Machine
(SVM) and Artificial Neural Network (ANN).

However, there are some limitations and uncertainties in using white-box modelling
for energy modelling in indoor farming. The uncertainties in energy modelling of white-
box modelling come from three reasons, i.e., occupants, building and climate factors. The
existence of occupants such as humans and crops is related to energy consumption and
cannot be accurately predicted. The energy consumption of occupants is influenced by
factors such as thermal comfort requirements, weather, building area, crop density and
economic considerations. The micro-weather factor has a stronger influence on indoor
farm energy use. The utilisation of climate data to predict the energy consumption of
indoor farms will produce different results accordingly. Besides, the details of the building
parameters are difficult to collect for the inputs. It is almost impossible to collect accurate
data through field studies. Physical parameters of buildings are not always known or are
not available; so, it is not always easy to obtain a building energy prediction by means
of a simulation software based on physical parameters (Ferlito et al., 2015). In black-box
models, high-quality datasets are required to produce an accurate model. Most importantly,
a black-box model cannot explain the principles of heat transfer (conduction, convection
and radiation) in the indoor farm (Yu et al., 2022).

In addition, the control of the working period of LED in indoor farming, i.e., the
photoperiod, has been discovered in previous studies as well. One early study by Tennessen
etal. (1995) discovered the effects of pulse-LED on tomatoes. They found that intermittent
light will not affect crop production as the photosynthesis rate remains the same. Filatov
et al. (2021) used a vertical farming system and two lighting techniques in their study.
The first, which served as the control, included setting the LED lights' daily light and dark
cycles to 16/8 hours. On the other hand, the experimental set included an 8/4-hour light/
dark schedule that was split into two parts (2300-0700 and 1100-1900). They were able
to cut down the electricity consumption by 10% without affecting the crop yield. Carotti
et al. (2021) studied the effects of pulsed red and blue LED light on lettuce growth. Two
switching frequencies of LED were applied on the crops, i.e., 850kHz (high switching
frequency) and 293kHz (low switching frequency). The study discovered that the low
frequency of pulsed light can increase the energy use efficiency by 40% and maintain the
crops' qualities. Olvera-Gonzalez et al. (2021) also proved that pulsed LED-lighting can
save energy consumption by more than 12%. Hence, the control of photoperiod in indoor
farming can be included in the energy optimisation approaches as well.
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CONCLUSION

Indoor farming provides a promising solution to meet the world's food demand and
reach food security. By applying the existing technologies, including LED lighting, fans
and humidifiers for climate control, and hydroponic systems, indoor farms can operate
efficiently in controlled environments. These systems play an important role in crop growth
conditions. However, the energy consumption associated with these technologies is larger
than that of traditional agriculture. Thus, a focus on innovative approaches to reduce energy
use is needed.

This review highlights three main approaches to energy optimisation in indoor farming,
viz., white box, black box, and grey box modelling. Each method has its advantages and
disadvantages. Grey models can combine the advantages of both white box and grey box
modelling approaches.

Ultimately, optimising energy consumption in indoor farming is essential for enhancing
its sustainability and economic viability. The review suggests that while significant progress
has been made in understanding and improving energy use through various modelling
approaches, there remains a need for further research to develop more integrated and
adaptive optimisation strategies. By advancing these methods, indoor farming can achieve
higher energy efficiency, reduce operational costs, and contribute more significantly to
sustainable food production. Continued innovation in this field will be vital to address
the challenges of energy consumption and to unlock the full potential of indoor farming
systems.

ACKNOWLEDGEMENT

Thank you to all the staff who have contributed to the research. This research was
supported by Universiti Putra Malaysia research grant with the project code number
GP-1PS/2022/9709100. The funder had no role in the conceptualisation, design, data
collection, analysis, decision to publish, or preparation of the manuscript.

CONFLICT OF INTEREST

The authors declare that there are no conflicts of interest in this paper.

REFERENCES

Achour, Y., Ouammi, A., Zejli, D., & Sayadi, S. (2020). Supervisory model predictive control for optimal
operation of a greenhouse indoor environment, coping with the food-energy-water nexus. /EEE Access,
8, 211562-211575. https://doi.org/10.1109/ACCESS.2020.3037222

Amara, F., Agbossou, K., Cardenas, A., Dubé, Y., & Kelouwani, S. (2015). Comparison and simulation of
building thermal models for effective energy management. Smart Grid and Renewable Energy, 6(4), 95-
112. https://doi.org/10.4236/sgre.2015.64009

PREPRINT



Jia Quan Goh, Aimrun Wayayok, Diyana Binti Jamaludin, and Muhamad Saufi Mohd Kassim

Arcasi, A., Mauro, A. W., Napoli, G., Tariello, F., & Vanoli, G. P. (2024). Energy and cost analysis for crop
production in a vertical farm. Applied Thermal Engineering, 239, Article 122129. https://doi.org/10.1016/j.
applthermaleng.2023.122129

Arendt, K., Jradi, M., Shaker, H. R., & Veje, C. (2018). Comparative analysis of white-, grey- and black-box
models for thermal simulation of indoor environment: Teaching building case study. Building Performance
Analysis Conference and SimBuild, 173-180.

Avgoustaki, D. D., & Xydis, G. (2020). How can energy innovation in indoor vertical farming improve food
security, sustainability, and food safety? In M. J. Cohen (Ed.), Advances in food security and sustainability
(Vol. 5, pp. 1-51). Elsevier. https://doi.org/10.1016/bs.af2s.2020.08.002

Bantis, F., Smirnakou, S., Ouzounis, T., Koukounaras, A., Ntagkas, N., & Radoglou, K. (2018). Status and
recent achievements in the field of horticulture with the use of light-emitting diodes (LEDs). Scientia
Horticulturae, 235, 437-451. https://doi.org/10.1016/j.scienta.2018.02.058

Barbosa, G. L., Almeida Gadelha, F. D., Kublik, N., Proctor, A., Reichelm, L., Weissinger, E., Wohlleb, G.
M., & Halden, R. U. (2015). Comparison of land, water, and energy requirements of lettuce grown using
hydroponic vs. conventional agricultural methods. International Journal of Environmental Research and
Public Health, 12(6), 6879-6891. https://doi.org/10.3390/ijerph120606879

Bersani, C., Fossa, M., Priarone, A., Sacile, R., & Zero, E. (2021). Model predictive control versus traditional
relay control in a high energy efficiency greenhouse. Energies, 14(11), Article 3353. https://doi.
org/10.3390/en14113353

Boretti, A., & Rosa, L. (2019). Reassessing the projections of the World Water Development Report. npj Clean
Water, 2, Article 15. https://doi.org/10.1038/s41545-019-0039-9

Carotti, L., Potente, G., Pennisi, G., Ruiz, K. B., Biondji, S., Crepaldi, A., Orsini, F., Gianquinto, G., & Antognoni,
F. (2021). Pulsed LED light: Exploring the balance between energy use and nutraceutical properties in
indoor-grown lettuce. Agronomy, 11(6), Article 1106. https://doi.org/10.3390/agronomy11061106

Dahlan, Y. N., Amiruddin, A., Luong, N. D., & Sakimin, S. Z. (2018). Energy and climate analysis of greenhouse
system for tomatoes cultivation using CFD and OpenStudio EnergyPlus software. International Journal
of Engineering and Technology, 7(3.11), 183-186. https://doi.org/10.14419/ijet.v7i3.11.15957

De Buck, V., Sbarciog, M. 1., Cras, J., Bhonsale, S. S., Polanska, M., & Van Impe, J. F. M. (2023). Critical
analysis of the use of white-box versus black-box models for multi-objective optimisation of small-scale
biorefineries. Frontiers in Food Science and Technology, 3, Article 1154305. https://doi.org/10.3389/
frfst.2023.1154305

Delorme, M., & Santini, A. (2022). Energy-efficient automated vertical farms. Omega, 109, Article 102611.
https://doi.org/10.1016/j.omega.2022.102611

Eaton, M., Harbick, K., Shelford, T., & Mattson, N. (2021). Modelling natural light availability in skyscraper
farms. Agronomy, 11(9), Article 1684. https://doi.org/10.3390/agronomy 11091684

Eaton, M., Shelford, T., Cole, M., & Mattson, N. (2023). Modelling resource consumption and carbon emissions
associated with lettuce production in plant factories. Journal of Cleaner Production, 384, Article 135569.
https://doi.org/10.1016/].jclepro.2022.135569

PREPRINT



Energy Optimisation in Indoor Farming

Ferlito, S., Atrigna, M., Graditi, G., De Vito, S., Salvato, M., Buonanno, A., & Di Francia, G. (2015). Predictive
models for building’s energy consumption: An artificial neural network (ANN) approach. 2015 XVIII
AISEM Annual Conference, 1-4. https://doi.org/10.1109/AISEM.2015.7066836

Filatov, D. A., Vetchinnikov, A. A., Olonina, S. 1., & Olonin, 1. Y. (2021). Intermittent LED lighting helps
reduce energy costs when growing microgreens in vertical controlled environment farms. JOP Conference
Series: Earth and Environmental Science, 979(1), Article 012096. https://doi.org/10.1088/1755-
1315/979/1/012096

Food Security Information Network. (2020). Global report on food crises 2020 (GRFC 2020). Global Network
Against Food Crises.

Graamans, L., Baeza, E., van den Dobbelsteen, A., Tsafaras, 1., & Stanghellini, C. (2018). Plant factories
versus greenhouses: Comparison of resource use efficiency. Agricultural Systems, 160, 31-43. https://
doi.org/10.1016/j.agsy.2017.11.003

Graamans, L., Tenpierik, M., van den Dobbelsteen, A., & Stanghellini, C. (2020). Plant factories: Reducing
energy demand at high internal heat loads through fagade design. Applied Energy, 262, Article 114544.
https://doi.org/10.1016/j.apenergy.2020.114544

Gregorio, G., & Ancog, R. (2020). Assessing the impact of the COVID-19 pandemic on agricultural production
in Southeast Asia: Toward transformative change in the agricultural food system. Asian Journal of
Agriculture and Development, 17(1), 1-14. https://doi.org/10.37801/ajad2020.17.1.1

Hachem-Vermette, C., & MacGregor, A. (2017). Energy optimised envelope for a cold climate indoor
agricultural growing centre. Buildings, 7(3), Article 59. https://doi.org/10.3390/buildings7030059

Horomia, K., & Gordon-Smith, H. (2021). Global CEA census report. WayBeyond.

Hu, G., & You, F. (2024). Al-enabled cyber-physical-biological systems for smart energy management
and sustainable food production in a plant factory. Applied Energy, 356, Article 122334. https://doi.
org/10.1016/j.apenergy.2023.122334

Khudoyberdiev, A., Ahmad, S., Ullah, I., & Kim, D. H. (2020). An optimisation scheme based on fuzzy logic
control for efficient energy consumption in a hydroponics environment. Energies, 13(2), Article 289.
https://doi.org/10.3390/en13020289

Kim, D., Lee, J., Do, S., Mago, P. J., Lee, K. H., & Cho, H. (2022). Energy modelling and model predictive
control for HVAC in buildings: A review of current research trends. Energies, 15(19), Article 7231. https://
doi.org/10.3390/en15197231

Lamagna, M., Nastasi, B., Groppi, D., Nezhad, M. M., & Garcia, D. A. (2020). Hourly energy profile
determination technique from monthly energy bills. Building Simulation, 13(6), 1235-1248. https://doi.
org/10.1007/s12273-020-0698-y

Langdon, W. B., Poli, R., McPhee, N. F., & Koza, J. R. (2008). Genetic programming: An introduction and
tutorial, with a survey of techniques and applications. In J. Fulcher & L. C. Jain (Eds.), Computational
intelligence: A compendium (Studies in Computational Intelligence, Vol. 115, pp. 927-1028). Springer.
https://doi.org/10.1007/978-3-540-78293-3 22

PREPRINT



Jia Quan Goh, Aimrun Wayayok, Diyana Binti Jamaludin, and Muhamad Saufi Mohd Kassim

Ledesma, G., Nikolic, J., & Pons-Valladares, O. (2022). Co-simulation for thermodynamic coupling of crops in
buildings: Case study of free-running schools in Quito, Ecuador. Building and Environment, 207, Article
108407. https://doi.org/10.1016/j.buildenv.2021.108407

Liebman-Pelaez, M., Kongoletos, J., Norford, L. K., & Reinhart, C. (2021). Validation of building energy
models of a hydroponic container farm and its application in urban design. Energy and Buildings, 250,
Article 111192. https://doi.org/10.1016/j.enbuild.2021.111192

Liu, Z., Wu, D., Liu, Y., Han, Z., Lun, L., Gao, J., Jin, G., & Cao, G. (2019). Accuracy analysis and model
comparison of machine learning adopted in building energy consumption prediction. Energy Exploration
& Exploitation, 37(4), 1426-1451. https://doi.org/10.1177/0144598718822400

McCree, K. J. (1972). Test of current definitions of photosynthetically active radiation against leaf photosynthesis
data. Agricultural Meteorology, 10, 443-453. https://doi.org/10.1016/0002-1571(72)90045-3

Mir, M. S., Naikoo, N. B., Kanth, R. H., Bahar, F. A., Bhat, M. A., Nazir, A., Mahdi, S. S., Amin, Z., Singh,
L., Raja, W., Saad, A. A., Bhat, T. A., Palmo, T., & Ahngar, T. A. (2022). Vertical farming: The future of
agriculture: A review. The Pharma Innovation Journal, 11(2S), 1175-1195.

Mitchell, C. A., & Sheibani, F. (2020). LED advancements for plant-factory artificial lighting. In T. Kozai, G.
Niu, & M. Takagaki (Eds.), Plant factory: An indoor vertical farming system for efficient quality food
production (2nd ed., pp. 167-184). Academic Press. https://doi.org/10.1016/B978-0-12-816691-8.00010-8

Murakami, S., Fujimoto, Y., Hayashi, Y., Fuchikami, H., & Hattori, T. (2018). Energy cost minimisation in
plant factories considering weather factors using additive Bayesian networks. Journal of International
Council on Electrical Engineering, 8(1), 128-135. https://doi.org/10.1080/22348972.2018.1477093

Natarajan, G., Zaid, M., Konka, H., Srinivasan, R., Ramanathan, S. S., Ahmed, T., & Chowdhury, H. (2022).
Modelling of air distribution inside a shipping container plant factory using computational fluid dynamics
(CFD). AIP Conference Proceedings, 2681(1), Article 020091. https://doi.org/10.1063/5.0117095

Ogunlowo, Q. O., Akpenpuun, T. D., Na, W. H., Adesanya, M. A., Rabiu, A., Dutta, P., Kim, H. T., & Lee,
H. W. (2023). Simulation of greenhouse energy and strawberry (Seolhyang sp.) yield using TRNSYS
DVBES: A base case. Solar Energy, 266, Article 112196. https://doi.org/10.1016/j.solener.2023.112196

Olvera-Gonzalez, E., Rivera, M. M., Escalante-Garcia, N., & Flores-Gallegos, E. (2021). Modelling energy
LED light consumption based on an artificial intelligence method applied to closed plant production
system. Applied Sciences, 11(6), Article 2735. https://doi.org/10.3390/app11062735

Pan, Y., Zhu, M., Lv, Y., Yang, Y., Liang, Y., Yin, R., Yang, Y., Jia, X., Wang, X., Zeng, F., Huang, S., Hou,
D., Xu, L., Yin, R., & Yuan, X. (2023). Building energy simulation and its application for building
performance optimisation: A review of methods, tools, and case studies. Advances in Applied Energy,
10, Article 100135. https://doi.org/10.1016/j.adapen.2023.100135

Pimentel, J., Balazs, L., & Friedler, F. (2023). Optimisation of vertical farms energy efficiency via multiperiodic
graph-theoretical approach. Journal of Cleaner Production, 416, Article 137938. https://doi.org/10.1016/].
jelepro.2023.137938

Qin, S. J., & Badgwell, T. A. (2003). A survey of industrial model predictive control technology. Control
Engineering Practice, 11(7), 733-764. https://doi.org/10.1016/S0967-0661(02)00186-7

PREPRINT



Energy Optimisation in Indoor Farming

Rasheed, A., Kwak, C. S., Kim, H. T., & Lee, H. W. (2020). Building energy simulation model for analysing
energy saving options of multi-span greenhouses. Applied Sciences, 10(19), Article 6884. https://doi.
org/10.3390/app10196884

Romeo, D., Vea, E. B., & Thomsen, M. (2018). Environmental impacts of urban hydroponics in Europe: A
case study in Lyon. Procedia CIRP, 69, 540-545. https://doi.org/10.1016/j.procir.2017.11.048

Schwenzer, M., Ay, M., Bergs, T., & Abel, D. (2021). Review on model predictive control: An engineering
perspective. The International Journal of Advanced Manufacturing Technology, 117(5-6), 1327-1349.
https://doi.org/10.1007/s00170-021-07682-3

Shaari, A. M., Razuan, M. S. M., Taweekun, J., Batcha, M. F. M., Abdullah, K., Sayuti, Z., Ahmad, A. L., &
Tahir, M. A. M. (2021). Energy profiling of a plant factory and energy conservation opportunities. Journal
of Advanced Research in Fluid Mechanics and Thermal Sciences, 80(1), 13-23. https://doi.org/10.37934/
arfmts.80.1.1323

Shabunko, V., Lim, C. M., & Mathew, S. (2018). EnergyPlus models for the benchmarking of residential
buildings in Brunei Darussalam. Energy and Buildings, 169, 507-516. https://doi.org/10.1016/].
enbuild.2016.03.039

Shahcheraghian, A., Madani, H., & Ilinca, A. (2024). From white- to black-box models: A review of simulation
tools for building energy management and their application in consulting practices. Energies, 17(2), Article
376. https://doi.org/10.3390/en17020376

Sihombing, P., Karina, N. A., Tarigan, J. T., & Syarif, M. 1. (2018). Automated hydroponics nutrition plants
systems using Arduino Uno microcontroller based on Android. Journal of Physics: Conference Series,
978(1), Article 012014. https://doi.org/10.1088/1742-6596/978/1/012014

Sohn, J., Liulys, M., Avgoustaki, D. D., & Xydis, G. (2023). CFD analysis of airflow uniformity in a shipping-
container vertical farm. Computers and Electronics in Agriculture, 215, Article 108363. https://doi.
org/10.1016/j.compag.2023.108363

Sridhar, A., Balakrishnan, A., Jacob, M. M., Sillanpédd, M., & Dayanandan, N. (2023). Global impact of
COVID-19 on agriculture: Role of sustainable agriculture and digital farming. Environmental Science
and Pollution Research, 30(15), 42509-42525. https://doi.org/10.1007/s11356-022-19358-w

Talbot, M. H., & Monfet, D. (2024). Development of a crop growth model for the energy analysis of
controlled agriculture environment spaces. Biosystems Engineering, 238, 38-50. https://doi.org/10.1016/].
biosystemseng.2023.12.012

Talbot, M.-H., Lalonde, T., Beaulac, A., Haillot, D., & Monfet, D. (2022). Comparing the energy performance
of different controlled environment agriculture spaces using TRNSYS. Proceedings of eSim 2022: 12th
Conference of IBPSA-Canada.

Tennessen, D. J., Singsaas, E. L., & Sharkey, T. D. (1994). Light-emitting diodes as a light source for
photosynthesis research. Photosynthesis Research, 39(1), 85-92. https://doi.org/10.1007/BF00027146

U.S. Department of Energy. (2022). EnergyPlus™ version 22.2.0 documentation.

van Henten, E. J. (1994). Validation of a dynamic lettuce growth model for greenhouse climate control.
Agricultural Systems, 45(1), 55-72. https://doi.org/10.1016/S0308-521X(94)90280-1

PREPRINT



Jia Quan Goh, Aimrun Wayayok, Diyana Binti Jamaludin, and Muhamad Saufi Mohd Kassim

Wai, T. S., Maruyama, N., Mona, Y., & Chaichana, C. (2022). Prediction of the energy consumption for indoor
strawberry cultivation in a tropical climate. Journal of Hunan University Natural Sciences, 49(3), 158-
167. https://doi.org/10.55463/issn.1674-2974.49.3.17

Wang, L., & Iddio, E. (2022). Energy performance evaluation and modelling for an indoor farming facility.
Sustainable Energy Technologies and Assessments, 52, Article 102240. https://doi.org/10.1016/].
seta.2022.102240

Wheeler, R. M. (2008). A historical background of plant lighting: An introduction to the workshop. HortScience,
43(7), 1942-1943 https://doi.org/10.21273/HORTSCI.43.7.1942

Yeo, U. H., Lee, S. Y., Park, S. J., Kim, J. G., Cho, J. H., Decano-Valentin, C., Kim, R. W., & Lee, 1. B.
(2022). Rooftop greenhouse: (2) Analysis of thermal energy loads of a building-integrated rooftop
greenhouse (BiRTQG) for urban agriculture. Agriculture, 12(6), Article 787. https://doi.org/10.3390/
agriculture12060787

Yu, J., Chang, W. S., & Dong, Y. (2022). Building energy prediction models and related uncertainties: A review.
Buildings, 12(8), Article 1284. https://doi.org/10.3390/buildings12081284

Zaidan, M. A., Wraith, D., Boor, B. E., & Hussein, T. (2019). Bayesian proxy modelling for estimating black
carbon concentrations using white-box and black-box models. Applied Sciences, 9(22), Article 4976.
https://doi.org/10.3390/app9224976

Zhu, D., Hong, T., Yan, D., & Wang, C. (2012). Comparison of building energy modelling programs: Building
loads. Lawrence Berkeley National Laboratory. https://doi.org/10.2172/1168735

PREPRINT



