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Abstract

Artificial lighting for agriculture is a rapidly developing field, with energy efficiency and cost lim-
iting widespread implementation. LEDs are the most efficient source of artificial lighting, allowing
customisation of wavelength to suit plant responses. This project firstly conducts experiments to
demonstrate the impact of six different LED wavebands at fixed input energy on the growth of
Little Gem lettuce. These results are then combined with data from the literature, to create a
large data-set from which a neural network model is developed to attempt to predict optimal plant

spectral light recipes.

Secondly, a case study is conducted, looking at the setup and energy consumption of an LED
lit strawberry greenhouse. Areas to increase efficiency are identified, these include opportunities
to deploy specific LED devices, different optimal spectral recipes, adjusting LED efficacy with dif-
ferent electrical currents and evaluating energy saving from daylight dimming. Multiple strategies
are assessed giving a combined total estimated energy saving of 47%; whilst maintaining constant

photosynthetic photon flux density (PPFD) received by the plant.

Thirdly, we examined how LED modules in plant growth facilities supplied by AC grids could
be driven through primary DC grids, since an increasing number of DC appliances and integrated
DC renewable sources has put emphasis on research of DC grids, especially at local scales where
loads are mainly DC. With AC grid supply, every appliance must have a double stage AC-DC and
DC-DC conversion for the rating of the device, which decreases electrical efficiency. This project
therefore outlines a proposed DC system setup for LED plant growth facilities, arguing that there
would be increased energy efficiency when converting AC to DC at the whole plant power supply

level; supplying LED modules with DC electricity.

Fourthly a primary disadvantage of controlled environment agriculture (CEA) is the high energy
consumption, which carries a considerable carbon footprint. If renewable energy technologies could
be integrated into CEA systems, they could become more sustainable and potentially cost saving.
This project therefore investigates renewables for artificially lit greenhouses. The renewable tech-

nologies assessed include solar, wind, batteries and bio-fuel CHP. The HOMER software is used



to investigate feasibility for both small and large modelled systems to reduce carbon footprint and
cost. Simulation results show a grid connected system with wind and solar installed to be the best
option for a small system considering cost and emissions, offering an 11% saving on NPC and 61%
saving on CO4 emissions. For larger systems, wind energy becomes dominant, with a grid connected
wind turbine system being the overall favourable setup, offering a 22% saving on NPC and a 34%
saving on COs emissions for a one hectare system, and offering a 32% saving on NPC and 39%
saving on CO4 emissions for a two hectare system. Lastly, biomass CHP systems are simulated with

consideration of heating and cooling alongside lighting.

In summary this thesis has shown that there is considerable opportunity to optimise the efficiency
of LED systems for horticulture, not just by changing spectral light output quality but also by

optimising the the power system.
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1 Introduction

Protected cultivation has developed rapidly worldwide to meet the increasing demand for fresh veg-
etable and horticulture crops. Greenhouses with supplementary lighting and plant factories are the
most recent phases of modern protected horticulture. Artificial lighting systems can be used to
improve the quality and quantity of horticultural products. The trend towards protected horticul-
ture has several reasons. Globally, these are because of a growing world population, increasing food
demand while arable lands are declining due to climate change, this leads to the need for efficient
farming in smaller fields with bigger yields. Urbanisation causes problems by creating overpopulated
cities requiring vast amounts of food to be transported from outside farm land. There are also likely
to be forthcoming world food security issues due to increasingly volatile weather. Other concerns
include increased pesticide and chemical usage in agriculture, water scarcity and fluctuating yield
over the year due to the seasons, meanwhile the markets demand all year round production [1,2]. In
the UK, climate does not permit year round cultivation of the crops matching the market’s demand;
controlled environment agriculture can offer a solution to this problem. Optimisation of LED light-
ing systems has great significance for modern horticulture, as supplementary lighting in greenhouses

or sole light source in plant factories.

Light is the sole energy source for photosynthesis and the main factor that shapes plant growth
and development. For each plant and each developmental stage, light requirements vary as is dis-
cussed in more detail later in the report. This fact gives emphasis on research for light recipes to
manipulate the growth of desired species and manipulation of any stage of growth to reach the target
yield and quality. Development of solid state light sources gave great opportunity to experiment and
optimise the light spectrum for plant growth, from effectively an infinite spectrum of possibilities
which LEDs have enabled. Among the broad related literature, red, blue and compound white
light are accepted as highly beneficial meanwhile green, purple, yellow and orange are secondarily
contributing. Ultraviolet and far-red lights can be beneficial even though they are outside of the
photosynthetic active radiation (PAR) region which is from 400 nm to 700 nm in wavelength. Light
is acting on chlorophyll for photosynthesis, also it acts on cryptochrome, phototropin and the other
photoreceptors after being absorbed by photosynthetic tissue [3,4]. Plant growth and development

are regulated by light quality [5], light intensity [6] and photoperiod [7].



LEDs are solid-state, narrow bandwidth lighting devices that give a unique opportunity to realise
precise light quality management options to obtain optimal plant responses; such as morphology,
yield and nutritional quality. Determination of plant light recipes and optimisation of light sources
will save energy by removing the unnecessary light spectra from horticulture lighting while increasing

yield and product quality.

1.1 Literature Review & Background

This project focuses on experiments and modelling, so it’s important to understand the context
of LEDs in plant growth, as well as to understand what is and is not currently known about how

different plants respond to different types of light.

The field has many gaps of knowledge due to the vast number of possible setups to investigate,
but there still exists a significant amount of research providing a foundation of knowledge to build

on.

1.1.1 Lighting and LEDs

Light is a form of electromagnetic energy, conveniently thought of as a wave. Visible light represents
only a small part of the electromagnetic spectrum between 380 and 740 nanometers. A photon’s
energy carriage capacity is inversely proportional to its wavelengths, so shorter wavelength light
has higher energy. The strength of the photoelectric effect depends on the wavelength of light;
short wavelengths are much more effective than long ones in producing the photoelectric effect. The
highest energy photons, at the short-wavelength end of the electromagnetic spectrum are gamma
rays, with wavelengths of less than 1 nanometer. The lowest energy photons, with wavelengths
of up to thousands of meters, are radio waves. Within the visible portion of the spectrum, vio-
let light has the shortest wavelength and the most energetic photons, and red light has the longest

wavelength and the least energetic photons. The electromagnetic spectrum is illustrated in Figure 1.



Figure 1: The electromagnetic spectrum [8].

Light is required throughout the entire life-span of a plant. Plant performance is determined pri-
marily by three important light parameters, these are quantity, quality and duration, all of which

effect plants in different ways [9].

e Light Quantity (Intensity) - This parameter mainly affects the photosynthesis rate of
plants. The energy from the light is used to induce a photochemical reaction converting

carbon dioxide into carbohydrate in the chloroplasts [6].

e Light Quality (Spectral Distribution) - This refers to the spectral distribution of radiation
in terms of wavelength composition of a light. Plants respond best to red and blue light with
regards to photosynthesis [10]. Spectral distribution affects more than just overall growth
of plants, it influences shape and development, as well as playing an important role in the

flowering process [5,11].

e Light Duration (Photoperiod) - The photoperiod refers to the duration of time the light
works per day. This influences the rate of growth of the plant as well as the development and

flowering [7].

The radiation received from the sun contains a continuous spectrum of light, including all visible
frequencies. However, plants only absorb discrete wavelengths according to their photochemical re-

action mechanisms. The most photo-synthetically active region lies between 400 and 700 nm, which



is approximately the visible spectrum [12].

Due to the flexibility of LEDs in all three of the parameters described above, particularly in their
wavelength specificity, they are an extremely useful tool to study the ideal lighting for any species of
plant. LEDs emit in discrete wavelengths, whereas other conventional sources of lighting for plant
growth emit broad spectra. This means that LEDs have the potential to be extremely efficient and
perfectly tuned to fit their purpose, but the design process is challenging. It involves choosing a
discrete combination of wavelengths which match the optimum biological response of the specific
plant of interest. This is an endeavour which involves vast amounts of data, and as worldwide re-
search accumulates, a database of light recipes can be built by which particular light combinations

resonate best with particular plants.

The specific and customisable nature of LEDs also means that plants can be grown in different
ways, to produce different morphologies and biochemical compositions within a species, this is in-
teresting since aesthetics and taste can potentially be changed by LED wavelength choice [13].
Currently, much research exists detailing LED spectral compositions which give better responses
from plants than others, in terms of mass growth and other commonly measured parameters, typ-
ically depending on the plant species [14,15]. The fact that horticulture includes a huge number
of different crops makes research complex, also each crop adopts different shapes and properties
throughout its lifetime, so different light environments may be optimum at different stages of a
plant’s life [16,17]. This coupled with the huge number of combinations of wavelength, intesity and

photoperiod etc. make the field of LED plant response research extremely complex.

LEDs are also advantageous in other ways: they are compact, energy eflicient, relatively durable and
do not emit much heat, allowing them to be close to the plants while remaining cool, thus reducing
watering and ventilation maintenance. Many of these factors add to their overall efficiency, allow-
ing the total energy consumption to be reduced by up to 70% relative to traditional light sources,
such as fluorescent lamps, incandescent lamps, high pressure sodium (HPS) lamps and metal halide
lamps, which have low electrical efficiency in comparison since they emit many frequencies which
are not useful for plants and produce waste heat [18]. A comparison of qualities for the different

artificial lighting types for plant growth are shown in Table 1.



Table 1: Comparison of different lamps in protected horticulture [19]

A study reported that an HPS lamp with 150 W power had a similar effect on the flowering pattern
of bedding plants to a 14 W LED [19]. Singh et al. [20] estimated savings in operating cost for a
system of this kind based on an average greenhouse lighting time (in winter) of 16 hours per day.
They then considered the general electricity price and then the buying cost & lifetime, of both HPS
and LEDs. Despite an HPS bulb’s lifetime being 20,000 hours and an LED’s being 50,000, the
total price of an LED throughout its lifetime (total cost $95) is far less than for the HPS (total cost
$310), see Figure 2. When comparing the cost of either light for a fixed time, LEDs are estimated

to be more than eight times cheaper than HPS.

This considerable difference in power output and efficiency shows how beneficial the adoption of
an LED system can be on an economical level for greenhouse growers due to lower energy costs [21].
In terms of installation and initial investment costs, LED systems are comparable to HPS systems,

despite HPS being more established [22].



Figure 2: Total lifetime cost comparison of of a 150 W HPS lamp and a 14 W LED bulb [20].

LED systems are appropriate for indoor applications. Greenhouses are an important area of appli-
cation for this field, thus stating the common issues arising in greenhouse growth and their relation
to LEDs is useful. Greenhouses are often environments with vertically or otherwise closely packed
plants, this means that insufficient light intensity and time under direct light are common problems.
Due to greenhouses often relying on natural light, seasons and weather are also factors which can
cause issues with plant growth or even crop failure [23]. Implementation of LEDs is desirable in
many ways: LED systems are easy to power, can run using a DC supply, and they are energy
efficient and economical. They are also sufficiently cool, such that lights can be placed closely and

compactly near the plants.

LEDs are semiconductor diodes which permit current to flow in one direction only. The diode
is formed by using two slightly different materials to form a PN junction. In a PN junction, the N
side contains electrons, and the P side contains electron holes. When a forward voltage is applied
to the PN junction, electrons move from the N side towards the P side and holes move from the P
side towards the N side and combine in the depletion zone between these the PN junction. Some of

these combination events radiate energy in the form of photons [24] (Figure 3).



Figure 3: Schematics of light emission mechanism inside an LED chip [25].

The photon energy is approximately equal to the band gap energy (E,), the energy difference be-
tween an electron in the conduction band and the valence band. The conservation of energy from
electrical to optical requires a forward voltage (V) through the LED which is equal to the band gap

energy. The following equation is derived from energy conservation;

V:?w— (1)

There are mechanisms that cause the forward voltage to differ from the above value. For exam-
ple, the diode could have series resistance causing voltage loss or energy loss due to holes. These
mechanisms change the forward voltage equation of a LED. On the contrary, forward voltage has

temperature dependence. The below equation shows the I-V characteristic of an ideal LED.

eV

e ]_) (2)

I=1I(e

Where I is forward current for the LED, Iy is saturation current for the LED, V is forward voltage
drop of the LED, k is Boltzmann constant, T is temperature, e is electron charge. Diode forward
voltage is temperature dependent even when the drive current of the LED is constant. Voltage
drop across the diode will change. Solving the equation brings the forward voltage as a function of

temperature [24].



In the equation below, the right side is the change of energy level with respect to temperature.
As temperature increases, the energy gap of semiconductors decreases. The reason of the LED
voltage change is; the recombination process becomes easier and voltage drop decreases by 2 mV

for each degree as the temperature rises [25].

E,T
Vi = ’“Tzn(}’) 2 3)

Figure 4 shows the band-gap energies and corresponding wavelengths for two major semiconductor
materials used for LEDs today. InGaN (indium gallium nitride) is used for violet, blue, and green
LEDs. Whereas InGaAlP (indium gallium aluminum phosphide) is used for green, yellow orange

and red LEDs [25].

Figure 4: Band gap energies & wavelengths [26].

The wavelength of light is determined by its energy. The energy of a photon emitted by an LED
is equivalent to the band gap of the semiconductor material used, which is an intrinsic feature of

the semiconductor material itself. Manufacturing an LED with a designated wavelength is all about



engineering the semiconductor materials and their band-gaps.

A single color, or monochromatic LED emits light in a narrow spectral band. The spectral power
distribution represents the radiant power emitted by a light source, as a function of its wavelength.
InGaN (indium gallium nitride) and InGaAlP (indium gallium aluminum phosphide) are the two
primary semiconductor materials and slight change in the composition of these alloys changes the

colour of the emitted light [25].

Figure 5: White LED production strategies [26].

Aside from monochromatic LEDs, white LEDs are also used in a number of applications. One
approach to generating white light utilises the combination of RGB colours: red, green, and blue
LEDs. Another approach is to use blue and yellow LED chips together in a certain ratio to produce
white light. A third approach is to use a blue chip and a yellow phosphor to generate white light.
Finally, using a UV LED to excite red, green, and blue phosphors is also another approach. These
approaches are illustrated in Figure 5. The most widely adopted approach to produce a white LED
is to use a blue LED chip combined with a phosphor. This method is preferred due to its low cost
and ease of application. The phosphor layer absorbs some of the blue light and emits light at longer

wavelengths; the phosphor concentration defines how much of the blue light is converted.



Figure 6: Spectral composition of a blue LED with yellow phosphor coating [26].

Changing the phosphor content enables different colour temperatures of white light. The colour
correlated temperature (CCT) for a light source gives a good indication of the lamp’s general ap-
pearance, but does not give information on its spectral power distribution. In other words, two
lamps may appear to be the same white colour, but their spectral composition could be different

such that a plant could respond differently.

As previously described in this section’s equations, thermal properties and variations on an LED
have significant consequences for its lumen output, electrical characteristics and also lifetime. Thus,
for LEDs to function optimally, heat generated by them must be managed, being easily transferable
away from the LED area, particularly the PN junctions of the LEDs must have their temperature

regulated. This is done through careful consideration of the LED’s assembly and operation [27].

Thermal resistance is a material’s ability to resist heat flow through it, high thermal resistance
means a slow transfer of heat. Thermal resistance has units of kelvin per watt. Thermal capacity
is the second important parameter and is the ability of the material to store thermal energy. The
temperature drop on a material can be calculated with respect to these two variables. Thermal cal-
culations are performed with the thermal model of the circuit element and used for various electronic
components which dissipate heat [26]. For heat transfer, the thermal model is used to calculate the
temperature value at the junction point of the LED or the expected thermal resistance value for the

heat-sink. The temperature difference between two points from ambient to LED junction is found

10



by calculating the total thermal resistance between two points. LEDs dissipate some of their power

as heat and some as light.

Figure 7: Junction temperature effect on luminous flux and luminous flux vs forward current [26].

An LED’s lumen output is highly dependent on the current through the LEDs. As shown in Figure

7, the change of 500 mA creates around 100% luminous flux output difference [27].

The basic drive circuit for LEDs includes linear DC drivers which involve a voltage regulator such
as LM317 or an op-amp and active switch. These devices are used as current-sink or current-source
circuits in order to comply with constant current output for LEDs. These drivers are preferred on
the basis of ease of application and no EMI radiation. However, these devices have some limitations;
LED voltage has to be smaller than the supply voltage and voltage differences between supply and
LEDs has to be low. This voltage will drop on the active device, and this device dissipates this
as excess power. Linear drivers are inefficient solutions because of their operation principle. An-
other concern is that power dissipation radiates with heat and this can be transferred with a bulk
heat-sink. If the supply voltage and LED-voltage have a significant difference, the circuit cannot
be applied because of heat and device size conditions. Linear power supplies have been declining in
popularity for years, being replaced by Switch Mode Power Supplies (SMPS), which is superior in

size and efficiency.
A DC-DC converter, also known as a switching regulator is a power converter that converts a DC

energy source from one voltage level to another. Average output voltage is controlled by varying

the conduction time of the switch. The DC-DC converters can be designed with regulated output

11



voltage. For the LED drivers especially, the converters have regulated output currents.

DC-DC converters are a necessity for LEDs to have regulated output and high power efficiency.
Typically, first generation converters are used because of ease of application and low cost. The
fundamental converters are Buck (Step-Down), Boost (Step-Up) and Buck-Boost (Step-Up and
Step-Down). Transformer type and developed converters have a wide range of the output volt-
age and power like; Flyback, Forward, Push-Pull, Half-Bridge, Bridge and Zeta Converter. These
converters have transformers and isolate the input and output circuit. Transformers add an extra
property of changeable voltage gain with the ratio of transformer windings and isolation. Addition-
ally there are more developed converters like; P/O (positive output) Luo-converter, N/O (negative
output) Luo-converter, Double output Luo converter, Cuk converter, Single-ended primary induc-
tance converter (SEPIC). These converters have more components, having less output voltage ripple

than the previous converters.

1.1.2 Plant Physiology

Plants require light for photosynthesis, photomorphogenesis and phototropism. These are impacted
by light intensity, light quality and photoperiod [28]. When a photon interacts with a molecule, its
energy is either lost as heat or absorbed by the electrons of the molecule, boosting those electrons
into higher energy levels. Whether or not the photon’s energy is absorbed depends on how much
energy it carries (defined by its wavelength) and on the chemical nature of the molecule it hits. To
boost an electron into a different energy level requires just the right amount of photon energy (via
the photoelectric effect). A specific atom can absorb only certain photons that correspond to the
atom’s available electron energy levels. As a result, each molecule has a characteristic absorption

spectrum, the range and efficiency of photons it is capable of absorbing.

Molecules that are good absorbers of light in the visible range are called pigments. Organisms
have evolved a variety of different pigments, but there are only two general types used in green
plant photosynthesis: carotenoids and chlorophylls. Chlorophylls absorb photons within narrow
energy ranges [28]. There are two kinds of chlorophyll in plants, chlorophyll (a) which has ab-
sorbance peaks at violet and orange and chlorophyll (b) which has absorbance peaks at blue and
yellow light. Neither of these pigments absorb photons with wavelengths between around 500 and

600 nanometers, and light of these wavelengths is therefore reflected by plants and so they appear

12



green. Chlorophyll (a) is the main photosynthetic pigment and is the only pigment that can act
directly to convert light energy to chemical energy and chlorophyll (b), acting as an accessory or
secondary light absorbing pigment, complements and adds to the light absorption of chlorophyll
(a). Chlorophyll (b) has an absorption spectrum shifted toward the green wavelengths. Therefore,
chlorophyll (b) can absorb photons chlorophyll (a) cannot. Chlorophyll (b) therefore greatly in-
creases the proportion of the photons in sunlight that plants can harvest. An important group of
accessory pigments, the carotenoids, take an action in photosynthesis at the wavelengths that are
not efficiently absorbed by either chlorophyll [28]. Carotenoids absorb mostly blue and green light
and reflect orange and yellow light. Light absorbance information is displayed for both chlorophyll
(a) and (b) as well as carotenoids in Figure 8. In summary, photons of light are absorbed differently

by different pigments for photosynthesis, but generally absorb green less.

Figure 8: The absorption spectrum of chlorophyll (a) & (b) and carotenoids [28].

LEDs as a source of plant lighting have been investigated for more than 20 years in research [18],
with a large number of reports having successfully grown crops under sole or supplemental LED
illumination. Different spectral combinations have been used to study the effect of light on plant

growth and development and it has been confirmed that plants show a high degree of physiolog-

13



ical and morphological plasticity to changes in spectral quality. For example, research since the
1990s has looked at photosynthetically active radiation and the biological and physiological effects
of blue and red light wavelengths (individually and also mixtures of different ratios) on multiple
crop species. These include experiments on strawberry [29], pepper [30], wheat [31], rice [32] and
lettuce [33]. Despite there being a great amount of data, much is still unknown about how plants
respond to different wavelengths, especially since the plant responses to wavelengths are species
specific, although there are general trends of the affects of some wavelengths on plants [34]. These

general effects are summarised in Table 2.

Table 2: Summary of the effect of light wavelength on plant growth [13,35]

Optical wavelength (nm) Influence on the plant growth

280-315 Minimal positive impact on morphological and physiological process, with

possible damaging effects at high exposure

315-400 Absorption by chlorophyll is low, but can enhance pigmentation and increase
leaf thickening

400-520 Chlorophyll and carotenoid absorption proportion is the largest, the
biggest influence on photosynthesis

520-610 The pigment absorption rate is not high, but can have some beneficial effects
when used alongside red and blue

610-720 Chlorophyll absorption rate is high, having significant effects on photosynthesis
and light cycle effect

720-1000 Absorption rate is low, stimulate cell extended, affecting flowering and seed
germination

>1000 Converted into heat

Red light (610-720 nm) is required for the development of the photosynthetic apparatus and has
the highest quantum efficiency for photosynthesis [10], while also having many photomorphogenic
effects on plant development mediated by the photoreversible pigment phytochrome, such as: en-
hancing leaf expansion, biomass accumulation, stem elongation and seed germination [36]. However,
different wavelengths of red (660, 670, 680 and 690 nm) light can have differing effects on plants
dependent on plant species. Far-red infrared LED light (700-725 nm) which is beyond the PAR

has been shown to support plant growth and photosynthesis [20,37-39]. Biomass yield of lettuce

14



increased when the wavelength of red LED emitted light increased from 660 to 690 nm [39]. A com-
parative study on the physiology of red leaf lettuce showed that application of far-red (730 nm) with
red (640 nm) light from LEDs caused an increase in total biomass and leaf length while anthocyanin
and antioxidant potential was suppressed [40]. While in a study where red LED (640 nm) was the
sole source of light, increased anthocyanin content was observed in red leaf cabbage [41]. Addition
of far-red (735 nm) to the red (660 nm) LED light on sweet pepper resulted in taller plants with

higher stem biomass than red LEDs alone [30].

After development of the blue LED [42], blue light started to be added to red light for plant
growth and has been shown to enhance yield [43]. Blue (400-500 nm) light is important for many
aspects of plant physiological development, specifically chloroplast development, chlorophyll synthe-
sis and content, stomatal opening, leaf thickness and photomorphogenesis [20,44-47]. Experiments
with radish, lettuce and potato have shown that blue light (400-500 nm) increased biomass and
leaf area [38,43,48]. Also, as with red, different wavelengths of blue (430, 440, 460 and 475 nm)
light can have differing effects on plants depending on plant species [20,37-39]. Another study
using blue (400-500 nm) LED light in combination with red LED light on green vegetable growth
and nutritional showed that LEDs (440 and 476 nm) used in combination with red LEDs caused
higher chlorophyll ratio in Chinese cabbage plants and improved overall plant yield and seed pro-
duction than when grown under sole red light [41,49]. Blue light has also been shown to increase
carotenoid [50], vitamin C [49] and polyphenol levels [51] in green vegetables. A report [52] reviewed
studies made previously with blue LEDs and reported that yield of lettuce, spinach and radish crops
grown under only red LEDs is less than for the ones which had additional blue LEDs, acted upon
by the same total photosynthetic photon flux (PPF). For peppers, studies which looked at different
LED colour combinations and their effect on leaf thickness and leaf chlorophyll content, indicated
that the blue LEDs combined with red LEDs induce more chloroplast in leaf cells than red and
far-red combinations [30, 53], again lamps had fixed PPF values. Research indicated that plants
under red & blue, and red & blue & green LEDs were considerably stronger and shorter, whereas

plants treated with green, yellow and red light were weaker and higher.

Green light (500-600 nm) is often disregarded for photosynthesis because absorption of green light
in chlorophyll is broadly very low. Chlorophyll has major absorption peaks only in the red and

blue regions, so researchers initially selected first red, then later blue LEDs for lighting arrays to
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support plant growth [19]. However, despite low absorption overall of broad green light, leaves do
absorb some green light, with certain wavelengths of green being more efficient for photosynthesis
than some wavelengths of blue light. When leaf canopies close, red and blue light are absorbed
strongly by upper or outer leaf layers, but green light penetrates beyond the interior leaf layers,
where it drives photosynthesis of the inner canopy. Positive contribution of green light for plant
growth has been shown in several experiments. Green LEDs with high photosynthetic photon flux
have been effective in enhancing growth in a crop of lettuce [51]. Green (505 and 530 nm) LED
light in combination with HPS lamps has also contributed to better growth of cucumber, where
blue LED (470 nm) slowed growth comparatively [54]. The effect of green (525 nm) LED light on
the growth of of Arabidopsis seedlings was investigated and results showed that seedlings grown
under green, red and blue LED light are longer than those grown under red (630 nm) and blue
(470 nm) alone [55]. Supplementation of green light enhanced lettuce growth under red and blue
LED illumination [56]. Green light alone is not enough to support the growth of plants, but as
demonstrated in these studies, green light does influence some important physiological effects. Ad-
ditionally regarding practicality, if green light is included alongside red and blue, so that all three
wavebands (RGB) are present simultaneously in a plant growth lamp, one can visually evaluate the
colour status of crops and leaves to help identify incidences of physiological disorders. Whereas an
only red and blue combination is delusive for the human eye’s observation of plant colour during

experiment [19].

Unlike the narrow waveband LED colours discussed so far, white LEDs (blue LED plus phosphor
coating) have a wide spectrum (see Figure 6) and are the choice of many growers because of this
quality, but they mainly lack the red spectrum. Energy losses associated with the secondary broad-
band photon emissions of the excited phosphor also make white LEDs significantly less electrically
efficient than emissions from pure monochromatic blue LEDs. Additionally, the proportions of red,
green, and blue wavebands in white LED obtained with phosphor coating varies widely among cool
white, neutral white, and warm white LED types and none of them are such a close match for the
RGB distribution of midday solar light. Therefore, producing white light from a combination of
monochromatic RGB LEDs instead of white (phosphor coated) ones gives a higher electrical effi-

ciency and precision potential for artificial plant lighting [19].

Regarding the non-visible spectrum, far-red (700-800 nm) and ultraviolet, both UVA (320-400 nm)
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and UVB (280-320 nm) wavelengths also affect plant growth and are important spectral compo-
nents for vegetable production [2]. Using LEDs for indoor agriculture scenarios allow incorporation
of these wavelengths giving further customisation potential for quality and appearance of plants that
respond to far-red and UV light. Far-red light can enhance plant growth alongside red light, and
contributes to increased leaf size and stem length [37-39]. There is a reluctance to introduce UVB
into indoor commercial growth environments for safety reasons and because it can be damaging to
plants [57], but it may be possible to use UVA if certain worker precautions are taken [58]. Studies
have investigated the potential of using supplemental selected UV irradiation [59,60]. Generally,
plant height, leaf area, leaf length have been showed to decrease, whereas leaf thickness was in-

creased in response to UVB radiation [61].

Aside from all the LED colours mentioned, other frequencies are being considered for use; wave-
lengths like yellow, orange, purple and cyan can have potential for horticultural crops to some extent

under certain circumstances [62,63].

Photomorphogenic effects are mainly influenced by Phytochromes. Phytochromes Pr (red) and
Pfr (far-red) mainly influence the germination, plant growth, leaf building and flowering. The phy-
tomorphogenic effects are controlled by applying a spectrum with a certain mix of 660 nm and 730
nm in order to stimulate the Pr and Pfr phytochromes. One influence of far-red light on a plant
is the active shade escape reaction, as illustrated in Figure 9. If the plant is predominantly illumi-
nated with red (660 nm) it senses that illumination is from direct sun and growth is normal, but if
instead the plant is illuminated with predominantly far-red (730 nm) it senses that it is in shadow
of another plant that shades the direct sun light. In this case, the plant reacts with increased length
growth in attempt to escape the shadow, which leads to taller plants without necessarily impacting
the cumulated biomass. Pr and Pfr convert back and forth from each other; Pr is converted into
Pfr under red light illumination and Pfr into Pr with far-red light. The active form which triggers
flowering is Pfr [64]. Pr is produced naturally in the plant. The ratio of Pr to Pfr is in equilibrium
when the plant receives light (day) because Pr is converted into Pfr by red light and Pfr is converted
back to Pr by far-red light. Back conversion of Pfr is however also possible in a dark reaction, so
it is the night (dark) period which mainly affects the ratio of Pr to Pfr and controls the flowering
time in plants. Ornamental plants are of high economic importance, therefore manipulating this

mechanism with LEDs would contribute positively to this sector.
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Figure 9: Pr-Pfr cycle and shade avoidance [64].

Overall, LEDs are optimal tools for studies on spectral plant responses as well as having great
market potential for the same reason; tailored plant recipes with less consumption of electricity
than traditional sources. From the 1990s there has been significant research on spectral responses
of plants to LED light, especially NASA’s Kennedy Space Center and Purdue University, who
have made great contributions to LED lighting technology [14,65]. Rapid development of LED
technology from the 2000s has improved LED spectral possibilities allowing an increasing number
of wavelengths. Through these developments, information on responses to light spectral quality by

plant biology and physiology is beginning to be more deeply investigated.

1.2 Research Aims

The overall aim of this research is to maximise energy efficiency of plant growth using LEDs for
application in CEA, while also considering carbon footprint and cost. This involves firstly under-
standing how plants respond to different light and secondly, it involves developing understanding
of LED devices and whole artificial lighting system energy consumption. These are researched by

both experimental and software modelling based methods.

For understanding plant response to light experimentally, data obtained on plant growth under
different light can give important information about which conditions give the most desirable plant
growth results, regarding not only size and speed of growth simply, but other aspects such as aes-
thetic appeal (for ornamental plants) or taste quality (for crops). From a modelling perspective,

software along with mathematical models can be used to simulate lighting arrangements and help
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elucidate the setups which best favour plant growth. For example, this can involve testing reflector
systems to maximise light utilisation on the plant. The modelling approach can also include using
machine learning tools and/or mathematical modelling to find patterns in plant growth behaviour

under different lighting conditions in order to predict optimal light recipes.

For understanding energy consumption in LED lit plant growth systems, there are many differ-
ent aspects and solutions to explore and optimise: Consideration of LED device market options
and respective device efficiencies, LED board circuit setup and chosen operating forward current to
maximise efficiency, power supply to whole system (AC vs DC), dynamic dimming of LED boards
synchronised with sunlight to save energy, and finally, augmentation of system energy supply with

renewables based on local geographical potential, to reduce carbon footprint and energy costs.

The aims of this project in summary are therefore:

e Develop greater understanding of how plants respond to different wavelength combinations of

light, both using experimental and modelling techniques.

o Investigate alternative electrical setups and running options for an optimal (in crop yield) LED

lit CEA system and realise implications for energy consumption, cost and carbon footprint.

o Investigate renewable energy setups in the UK for different sized LED lit CEA systems to

assess carbon footprint and cost impact in comparison to sole grid energy supplied.

1.3 Hypothesis

The main hypothesis of the project is that because LED CEA systems are relatively new and involve
numerous stages of designing and planning based on incomplete research, there are many areas in
which large power savings can be made, crop yield can be enhanced and carbon footprint and fi-

nancial cost of such systems can be reduced.
Optimal setup conditions for an LED CEA system, from the main power supply options to the

particular LED wavelength combination choices are sensitive to multiple factors, including system

size, site geographical area and particular plant variety being grown. Thus following generic uni-
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versal guidance on optimal CEA setups could result in missed opportunities for optimising energy

efficiency and crop yield. This project’s more specific sub-hypotheses are therefore identified:

e There will be significant differences in crop yield for plants exposed to different light qualities

(LED wavelength combinations) under controlled experimental conditions.

e Plant yield can remain optimised under alternative electrical setups and running conditions

which increase energy efficiency and reduce carbon footprint and cost.

e Renewable energy production technologies can be integrated into LED CEA systems, small

and large, to reduce cost and carbon footprint compared to sole grid powered systems.
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2 Growing Little Gem Lettuce Under Different LED Light

Spectra

2.1 Introduction

Firstly, an experiment for growing Little Gem lettuce with LEDs was prepared. Little Gem lettuce
was chosen due to it being one of the easier, faster and more reliable plants to grow under artificial
lighting. Also, of the lettuce varieties, there is a lack of literature about the effect of different light

wavelengths on Little Gem.

This section’s experiment involved six prepared boards of LEDs comprising of: red (660 nm), blue
(440 nm), green (525 nm), green & red, blue & red and warm white (2600-3200 K). Red and blue
were used in recipes because they are the most important for photosynthesis. White light was cho-
sen because its the most widely used, particularly in other types of non LED artificial light and of
course is most similar to sunlight. Green light, although less absorbed by plants and less important
for photosynthesis has been shown to enhance plant growth in some cases (including for lettuce) as

discussed in the introduction.

2.2 Setup & Methodology
2.2.1 LED Product Selection

The initial idea was to purchase high brightness Osram SMD LEDs for high W /m? values and fewer
components (shown on the right of Figure 10). However, using these more compact units would
mean having to get the boards assembled externally meaning high expense and any future repairs
or adjustments would not have be possible without sending the boards back to the manufacturer
or a specialist. Whereas, LED boards comprised of LEDs with a physically bigger unit size, such
as the Bridgelux LEDs (see the left of Figure 10) are cheaper and easier to assemble and more
practical and manageable if a problem occurs, since circuit repairs can be done by hand if necessary.
The larger LEDs in the selected wavelengths from the company Bridgelux were therefore chosen for

preliminary tests.

The LED modules built for the lettuce growing experiment include boards with 24 chips, since
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it allowed ample variation potential of ratios of selected wavelengths. For the circuit design, 1W
chips were selected. The LEDs have a uniform distribution of light with a 120° viewing angle and
each LED has a forward current of 350 mA (except red LEDs which have 400 mA). Maximum LED
junction temperature is 115°C. Heat tests for junction temperature were conducted and circuits

supplied with minimum necessary voltage values.

Figure 10: Bridgelux LEDs chosen for preliminary tests (left) and Osram’s more compact LED

design (right).

2.2.2 Board Designing, Building and Heat Testing

LED boards with different geometries and colour combinations were designed using the Altium De-
signer, which is a PCB and electronic design automation software package for printed circuit boards.
These designs can be seen in Figure 12. Due to the test plant trays being rectangular, rectangular
boards were used for circuit printing. The circuit boards were planned to be both simple and robust,
all 24 LED chips on a constant current circuit were designed to be on the same board with different
branches for ease of connection. Each board used for the experiment consists of a series connection
of six LEDs per branch and four branches per board, with a constant current circuit, as in Figure
11, with LM317t linear regulator chosen as it is an appropriate choice for such low current values

rather than sensor control.
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Figure 11: The constant current circuit which was implemented on the four channels per board.

Figure 12: LED board circuit designs. The top left side shows the design used for the experiment.
The top right shows alternative geometry, more suitable for a single plant or axisymmetric trays for
example. The bottom side shows a design with more channels, increasing capability to customise

colour combinations (up to 12).

The boards were then printed and all components including the LEDs were hand soldered. Once
all boards were fully assembled, the circuits were tested without plants in a closed tent environ-
ment and the temperature measured to make sure overheating would not be a problem for either
the components or for the plants. Working examples of the LED boards can be seen in Figure
13. The LEDs have a 115°C maximum junction temperature threshold and the threshold is 125°C
for LM317t. The maximum growing temperature for the selected plant (Little Gem lettuce) was
defined as 25°C and multiple heat tests were made to reassure the safety of grow tents while the

experiment is running. As a result of these tests, use of a cooling fan was found necessary, even

23



if the supply voltages for circuits were just at minimum necessary values. For cooling, 3600rpm
12V 0.41A brush-less DC (produced by Delta Electronics) fans were found to be sufficient for the
cooling of 1 tent. The tents already had two holes for ventilation, so a fan was placed over the
bottom hole and the setup was arranged such that airflow was not blocked by the central barrier
between the two tent compartments. It was important that the central barriers did not obstruct
airflow, while blocking light interference between chambers. The middle tent barriers therefore had
air gaps at the edges, but barriers were sufficiently large so as not to allow light interference between
tent compartments, see Figure 14. The barrier was also covered with light reflective material to

maximise internal light reflection on to the plants.

Figure 13: Two of the working LED boards: red & green (left), and blue (right).

2.2.3 Experimental Setup

After LED boards with aforementioned wavelengths were designed, built and implemented with a
suitable cooling solution found, the experimental setup allowing six LED boards to run simulta-
neously was set up. Each tent divided to two compartments by reflective surfaces, the inside of
the tents are also reflective and outside is opaque, thus for each compartment, interference is min-
imised while internal reflection is maximised. For the electrical power, three Voltcraft PS-1302 D
power supplies with rating 30V/10A were used to feed all branches at 350 mA. The fourth branch for

red lights required 400 mA of forward current and were supplied by another power supply separately.
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Figure 14: Experimental setup: the top figure shows a photograph of the functioning grow tent &
the bottom shows a labelled schematic of the setup. The dimensions of the tent are 70 cm x 70 cm

x 140 cm.

Temperature in the tents was regularly measured during the experiment by DFROBOT FIT0507
thermometers, observed maximum temperature was 24°C and average was 22°C. The power supplies
were connected to the mains via a timer which remained on for 16 hours and off for 8 hours. For
optimal plant lighting, lights were on 16 hours per day to emulate summer daylight hours, from 6

am until 10 pm along the 21 day experiment.

In each of the 40 cm x 30 cm x 10 cm plastic grow trays (from the Riseholme campus green-
house facility), 12 lettuce seeds were evenly sowed (equally spaced 4 x 3), to ensure the lights’ effect

on multiple plants and also to account for the fact that each batch of seeds has some variation of
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quality and some of them statistically will not germinate. Eight trays of Little Gem lettuce seeds
(Lactuca sativa) were sowed and left in the heated greenhouse (at around 15°C) until germination
time. After germination, which took approximately seven days in the heated greenhouse, seven of
the trays were collected to be experimented under prepared light test rigs and one left in dark, but
with the same temperature and water as the trays under lights. This was to observe how long the
plants could sustain without any light. Finally, one of the trays was left in the heated greenhouse

as reference to the LED experiment to compare the results.

Once the equipment was all in place and the plant trays germinated and ready to be treated under
the experimental lighting conditions, each rectangular tray was placed below an LED board parallel
to its orientation. The full experimental setup with LED boards shown lighting the plant trays in
the controlled environment grow tents is shown with a photograph and labelled schematic diagram

in Figure 14.

2.2.4 Methodology and Measurement

The light treatments which consisted of LED boards of 24 W power with various wavelength recipes,
ran from 6 am to 10 pm (16 hour photo-period) to emulate summer daylight on Little Gem lettuces.
The temperature inside the tent was controlled, between 20°C- 24°C while outside the tent is set
at 20°C. Watering the lettuces was a process which was learned by observation, the volume and
periodicity of watering was perfected after around three days of trial and error. This was mainly
due to the tent conditions being much dryer than greenhouse, as soil is dried much faster by the
fans and the intense light for 16 hours per day, compared with the soil under only winter sunlight.
After three days, 150 ml per day was given and the watering process done after 10 pm when lights

had closed, this watering process was then continually conducted until the end of the experiment.

At the end of the 21 day grow, the following properties of each tray were measured; fresh weight
(g), dry weight (g), leaf area (cm?), leaf number, leaf height and width (cm) and apex length (cm).
These measurements were both practical to take without the need for specific measuring equipment
and also the most commonly measured quantities in the literature for plant growth of crops lit un-
der LEDs (such as in the list of lettuce growth literature used later in the neural network chapter).
Other measured quantities in the literature such as chlorophyll content, plant color measurement,

stomatal conductance and other chemical and physiological measurements were not taken in this
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experiment due to equipment limitations and as this project is more about the lighting and electrical

engineering aspect than the plant biology side.

In terms of light data obtained, the lux of each LED board at the position of the plant canopy
was measured before the plant growth experiment. An Ocean FX spectrometer, once available after
the experiment, was also used to determine the irradiance of the LED boards. These were taken in
order to fully understand the nature of how the intensity and spectral distribution that the plants
were subject to varied between the different boards which were setup in the same way and supplied

the same electrical power.

2.3 Results & Discussion
2.3.1 Light Data Analysis

Once the experiment was setup, a YF-170 lux meter by Tenmars was used to determine lux (ST unit
of illuminance and measure of light intensity according to human eye perception). Table 3 shows
the lux values for the different LED boards, measured at the position of the centre of the trays at
plant canopy level. All values give over 2500 lux which suggests that none of the trays were too far

from the lights to be considerably disadvantaged by dimness.

Table 3: Lux values for LED boards at the separation distance of the trays, describing apparent

light intensity.

Board Colour Lux Value (Ix)
Red 2520
Green 2670
Blue 7930
Red & Blue 4480
Red & Green 2820
White 4860

Spectrometer measurements were initially not possible at the beginning of the experiment due to
unavailability of a spectrometer, but one was available after the experiment had finished. Absolute
irradiance data was therefore taken, from middle of the trays (on top of canopy levels), and also at

each of the four corners of the tray to observe the intensity deviation from the center of tray.
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The graphs in Figures 15-20 were created from the Ocean FX spectrometer data taken. From
these irradiance plots, mixed behaviour was observed regarding deviation in the corners; for some
boards there were clear differences between peaks in the centre and at the corners and different
boards had different levels of decreased irradiance at the corners. For the green board (Figure 15)
there was a drop of around 40% from the centre to the corners, with there being variation also
between corners. For the white board (Figure 20) there is also a drop in irradiance from the cen-
tre to the corners, of around 20%, with the shorter wavelength peak dropping proportionally more.
However, for the red (Figure 16) and blue (Figure 17) boards, there is no observed drop in irradiance
between the centre and corners. For the recipes with more than one colour: red & blue (Figure 19)
shows differences in irradiance from the centre to the corners, but only in the red peak. Finally, for
the green & red board (Figure 18) there is a drop in irradiance for both peaks (but proportionally
more for green). Some of these results are somewhat expected as intensity should be higher at the

centre (closer to the LED boards) than the corners.

From these results there is no clear consistent pattern across all boards. Possibly the most likely
reason is the orientation of the spectrometer when measurements were taken, which was held by
hand to point toward the LED boards at the level of the plant trays. If however, the spectrometer
was pointed even slightly away from the LED board, the peaks irradiance could have been read less
than if perfectly pointing toward the board. The same applies to each measurement at each corner.
Cases where there was difference between corners could be either because this, and/or the angle
at which the LED board is hanging, for if a board were to deviate from perfectly horizontal, then
one side of the plant tray would receive more light than the other. Otherwise, causes could involve
general imperfections in setup, or possible issues with the software which interprets the spectrometer

data and renders the irradiance graphs.
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Figure 15: Green board irradiance, with the upper graph showing the irradiance at the centre of
the tray and the lower figure showing the four superimposed graphs of irradiance at each corner of

the tray.
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Figure 16: Red board irradiance, with the upper graph showing the irradiance at the centre of the

tray and the lower figure showing the four superimposed graphs of irradiance at each corner of the

tray.
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Figure 17: Blue board irradiance, with the upper graph showing the irradiance at the centre of the

tray and the lower figure showing the four superimposed graphs of irradiance at each corner of the

tray.
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Figure 18: Green & red board irradiance, with the upper graph showing the irradiance at the centre
of the tray and the lower figure showing the four superimposed graphs of irradiance at each corner

of the tray.
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Figure 19: Red & blue board irradiance, with the upper graph showing the irradiance at the centre

of the tray and the lower figure showing the four superimposed graphs of irradiance at each corner

of the tray.
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Figure 20: Green & red board irradiance, with the upper graph showing the irradiance at the centre
of the tray and the lower figure showing the four superimposed graphs of irradiance at each corner

of the tray.

In the scientific literature of plant growth using artificial light, PPFD is the most common and
useful measure of light, but due to a PPFD measuring device not being available, light intensity
data obtained was only measured from lux meter data. However, light data in the literature for

plant growth considers PPFD as the most important quantity. Although a PPFD measuring device
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was unavailable, a spectrometer became available after the experiment had taken place in order to
gather irradiance data for the LED boards. The PPFD values could then be predicted by numeri-
cally finding the area under the curves in Figures 15-20. Spectral data was split into three graphic
regions: Blue (400-500 nm), Green (500-600 nm) and Red (600-700 nm). Then for each spectrome-
ter irradiance plot, the area under the curve in each colour region was geometrically approximated

to find the PPFD contribution of each colour.
Note, by integrating Figures 15-20, one can obtain puW /cm? values in each of the three colour
regions. This can be converted to pmol/m?/s by firstly noting the following equation for light

energy:

E=Nx— (4)

where N is number of photons at wavelength A\ and h and c are the planck constant and speed of
light respectively. Appropriately converting units and writing energy as function of irradiance, one

can then find the following relation for PPFD value in pmol/m?/s:

PPFD =8.3488 x 1073 f Id\ (5)

where the integral is the area under the curve in Figures 15-20. Values of PPFD for all boards in

the experiment are given in Table 4.
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Table 4: PPFD contributions from blue, green and red light for all boards used in the Little Gem
lettuce growth experiment as calculated by Equation 5 with the integral calculated from the area

under the curve in spectrometer data displayed in Figures 15-20.

pmol/m? /s
Board Blue Green Red Total
Green 0 50.3 0 50.3
Red 0 0 70.2 70.2
Blue 43.1 0 0 43.1
RG 0 22.9 48.6 71.5
RB 24.4 0 24.3 48.7
White 9.8 28.3 20.5 58.6

2.3.2 Lettuce Growth

At the end of 21st day, the experiment time finished. From the lettuces that were initially planted,
the tray under no light died within one week, while all of the trays under light show growth with
different characteristics, as can be seen from the photographs in Figure 22. The lettuce tray left in
the heated glasshouse (approx 15°C) as a reference showed very slow development by the end of 21
days, this shows the effect of the winter short daylight hours as well as temperature sensitivity of

Little Gem lettuces.
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Table 5: Lettuce crop weights after 21 days, with green and red describing a relatively high and low
weight compared to the mean of the total crops respectively. Also included are the total combined
weight, the average weight, the standard deviation and the variance for each crop tray. Numbers in

bold are above or below one standard deviation from their tray’s average.

Lettuce Crops After 21 Days
Weight of Crop (g)

Blue & Red| Blue Red Red & Green | White | Green | Greenhouse
0.46
0.45

Total 12.7 8 7.19 3.85 3.68 0.72 0.57
Average 1.06 0.67 0.65 032 041 0.06 0.05
Std Dev 0.55 0.3 0.29 012 0.27 0.03 0.03
Variance 0.3 0.09 0.08 0.02 0.07 0.001 0.001

cv 0.52 0.45 0.45 0.38 0.67 0.5
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Figure 21: Weights of each of the 12 planted lettuce crops in each tray after 21 days, with each
colour graph corresponding to the respective LED colour treatment, and the grey line corresponding

to the natural light outdoor greenhouse tray.

In Table 5 and Figure 21, the weights of all the crops are displayed, these represent the weights
of the plant cut from the root immediately after being cut. It is interesting to note the variety of
weights both within one tray and across the experiment. For example, the lettuce with the highest
weight within the red & green tray (0.46 g) is considerably higher than the lowest weight within
the red & blue tray (0.14 g) despite the red & blue board giving a much higher average weight
(1.06 g) than the red & green board’s average crop weight (0.32 g). This high variation in weight
within trays under the same light exposes a difficulty in controlling the experimental parameters,
namely that plant growth is sensitive to the individual nature of each seed and its behaviour, as
seeds in effectively identical conditions can vary considerable in growth behaviour. This makes it
difficult to deduce clear general patterns about plant growth response to light, particularly based on
relatively small sets of data. Statistically, from Table 5 averages, standard deviations and variances
are given. From looking at the standard deviations and the averages it can be seen that within each
tray there is significant variation in crop weight for each tray, with the standard deviation equal to

approximately half of the average.

From Table 6, results are shown measuring the weight of the crops both immediately after cut-
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ting from trays and then after 12 hours of drying at 80°C. Most of the trays under LED lighting
boards show a fractional weight loss of 0.92 - 0.94, apart from green which had a fractional loss of
only 0.81. This could be possibly due to the fact that, as discussed in the introduction, red and
blue frequencies of light are crucial for photosynthesis and the green board is the only one without
any element of either red or blue light. Also, the fractional weight loss of the greenhouse tray was
very low, but as this was the only plant tray outside of the controlled environment LED growing
lab and instead out in a greenhouse, the winter conditions were very much colder and light intake

levels much lower, thus the level of photosynthesis possible must have also been greatly inhibited.

Table 6: Weight of crops before and after drying, to show water retention.

Board Colour Weight (g) Dry Weight (g) Fractional Loss

Red 7.19 0.4 0.94
Green 0.72 0.14 0.81
Blue 8.00 0.6 0.93
Red & Blue 12.70 0.8 0.94
Red & Green 3.85 0.26 0.93
White 3.68 0.28 0.92
Greenhouse 0.57 0.18 0.68
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Figure 22: Lettuce trays after 21 days of growing. Test treatments as follows: red & blue (a), blue

(b), red (c), red & green (d), white (e), green (f) and the reference greenhouse (g).
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Table 7: Lettuce parameter measurements, including shoot lengths, leaf areas, and leaf geometries

taken from multiple leaves in each tray.

As Figure 22 shows and Tables 6 and 7 quantify, the lettuces’ growth varied greatly between trays

after 21 days.

Firstly, the lettuces fed with red & blue (50%-50%) light mix gave the most healthy and com-
pact result with big dark green leaves that have close length and width values, plants have a small
apex length but strong and show no bending (meaning mechanical drooping of the stem and plant

due to weak plant relative to the stem length) unlike all other lettuces. This tray gave the biggest
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yield. The second best growth results came from 100% blue light. The plants seem compact and
have large and dark green leaves, apex length is small but not as strong as for the red & blue and

has small bending. Leaves have close length and width and so appear compact.

On the contrary, the lettuces grown under red light (100%) have the opposite growth pattern,
with excess elongation at branches and very stretched leaves with poor length/width ratio. This
means the leaves grew mostly horizontally without the ability to hold their own weight and therefore
tangled with each other. However, if measuring only yield (in weight and leaf area), this tray was

the third largest.

The tray under green & red (50%-50%) LED treatment gave excessive stem elongation and leaves
with low width to length ratio, similar to both the 100% red and 100% green LED lit trays. Plants
under green (100%) light treatment gave the weakest results by having the smallest leaf area and
long apex length with a weak body. White LEDs gave a moderate result more similar to the green
& red mixture, but with slightly bigger leaves and better leaf length to width ratio. The plants
which grew in the greenhouse appear to be in a much earlier phase of growth, equivalent to the end
of the first week for LED experiment lettuces. This probably due to short day length and a 7-10 °C

temperature variation even though the glasshouse is heated.

Overall, it is clear from both the photos and measurements of weight, water retention and leaf
& shoot size that the boards which produced the best lettuces were the blue, and blue & red lights,
the latter being the best of all. Both the green and the greenhouse reference tray produced the
weakest growth. Red & blue and blue LED boards gave the best result in colour, compact growth
and total weight. Sole green light is observed to produce the weakest crops among all other LED
boards in the trial. Red light gave excessive elongation while exhibiting a reasonably high amount
of leaf area and dry weight. Statistical analysis of all properties measured and the variation between
data under different light recipes is shown in Table 8. If we use the coeflicient of variation (CV)
of a measure of how much the data varies under different light recipes, because it is a proportional
representation of how much the data varies about the average, it is clear that some properties varied
more than others. For example the CV for fresh weight is 0.83 and for leaf area it is 0.74, but for leaf
number and shoot length the CV is 0.28 and 0.29 respectively. This means that leaf area and fresh

weight, as expected, are very sensitive to different light quality, but shoot length and leaf number
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are not as sensitive.

Blue & Red |Blue Red Red & Green |Green White |Greenhouse |Average |[Stdev Variance |CV
Weight (g) 12.7 8 7.19 3.85 0.72 3.68 0.57 5.24 4.35 18.9 0.83
Dry Weight (g) 0.8 0.6 0.4 0.26 0.14 0.28 0.18 0.38 0.24 0.06 0.63
Leaf number 8.3 7 7.4 6.6 5.5 7.1 2.8 6.39 1.79 3.21 0.28
Shoot Length (cm) 0.6 1.2 1.2 1.3 1.8 1.3 1.1 1.21 0.35 0.12 0.29
Leaf Area (cm?) 8.2 8.9 5.7 23 0.6 4.4 1.1 4.46 3.32 11 0.74
Leaf Height (cm) 4.2 4.9 5.3 3.5 1.3 4.2 1.5 3.56 1.58 2.5 0.44
Leaf Width (cm) 3 3 1.8 1.4 0.6 1.6 1.2 1.8 0.9 0.81 0.5

Table 8: Averaged values for measured parameters in each tray combined, with mean, standard

deviation, variance and coefficient of variation (CV) calculated for each parameter.
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2.3.3 Possible Experimental Improvements

This experiment was both short term and limited by the fact that the experiment was designed
and built from scratch with no pre-existing experimental conditions or equipment already built or
implemented. If the designing and building of the experiment were somewhat outsourced appropri-
ately, both time and technical limitations would be less and there would be areas which could be

easily improved on, for more extensive future tests.

Figure 23: Nine Osram LED units could fit into 1 cm? of space shown on the left, this is comparable

to one Bridgelux light as seen on the right.

Regarding the size of the experiment, more light recipes could be tested, with all boards including
some level of red and blue light, as it is clear from both literature and this experiment’s results that
red and blue are necessary elements of any optimal plant light recipe for crop growth. Additionally,
given the variable results measured within each tray, a higher number of seeds per light recipe could

increase the validity of results.

This experiment kept the electrical energy supplied to each LED board constant as well as the
experimental setup and conditions, but the light data from the spectrometer which was measured
and analysed after the experiment shows quite significant differences in PPFD between different
LED boards and therefore PPFD becomes a second variable of consideration for a plant’s growth
(alongside LED spectral recipe). Therefore, if a PPF detector or spectrometer is available before
future tests were to begin, PPFD could be known for each board and then either the current through
the LEDs or the distance to the crops adjusted until all the boards are giving constant PPFD to
trays. This would ensure that the experiment’s only independent variable (from the perspective of

the plants) would be light spectral recipe and not intensity, so later modelling of plant response
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to different wavelengths of light would be more effective. However, this project’s primary focus,
unlike most of the related experimental literature, is energy efficiency and not solely plant science,
so varying the current between LED boards or moving them closer or further from the plant canopy
would compromise the constant energy consumption and setup, thus taking the experiment’s focus

away from energy efficiency.

With regards to the boards and LEDs chosen, a potential improvement could be to instead choose
the Osram LEDs instead of the Bridgelux. During the preliminary tests, some of the solder joints
became loose and temporarily affected the performance of the board, requiring to be re-soldered.
This issue could be eradicated by using the Osram lights and having the lights professionally fixed
to a circuit. Also, as visible in Figure 23, the Osram lights are considerably more spatially compact,
meaning a higher efficacy. The Osram lights are also more energy efficient and therefore higher
PPFD values are possible with less energy consumption. Also, an Arduino based temperature trip
could be designed to make the tests safer and easier to manage. An SMPS power supply design

could implement different duty cycles on the lighting rig.

Other environmental conditions could also be improved by running experiments in an existing CEA
facility where equipment is available to regulate humidity and COy concentration at an optimum
level and at a sufficient scale to investigate a large number of different light recipes. This project’s
experiment had controlled environmental conditions such as COy concentration and humidity con-
stant, but these were not optimum, so although growth differences from spectral recipe could be
seen without interference of variable environmental conditions, overall magnitude of plant growth
could have been inhibited by the other controlled conditions. It is therefore not possible to comment

objectively on maximum yield potential of crops under particular light recipes.

Regarding additional quantities which could be measured at the end of the experiment, the use
of a colorimeter could be useful to determine precisely and quantitatively the colours of the plants.
Measurements of chlorophyll should also be considered to gain full information about the health of
the plants. Other data such as stomatal conductance could also been taken, as the more available
output data there is, the better the potential for modelling, particularly with sophisticated nonlin-
ear fitting models like deep neural networks. The field of horticulture is one where the number of

possible output variables is very high, as demonstrated for example in the literature, where data
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from 70 different traits from molecules to whole plant performance was used to meta-analyse plant

responses to light intensity [6].

2.4 Section Summary

Lactuca Sativa ”Little Gem” lettuce was grown using six different light spectral recipes containing
red, blue, green and white LED bulbs, each in identical growth tents under controlled heating
and ventilation environments. Although there is existing research on light recipe optimisation for
Lettuce, none looked specifically at Little Gem and instead looked at other varieties. This is despite
increasing interest in Little Gem lettuce for its ease of growth and commercial potential. However
as one may expect, the recipe which was most favourable for Little Gem growth was the blue and

red combination, which is also generally seen for other lettuce varieties in the literature.
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3 Neural Network Analysis on LED Lighting for Lettuce

3.1 Introduction

Although some trends can be observed from experimental data about the response of plants to
various spectral distributions of light, whole spectral modelling of plant spectral response can be
difficult using traditional modelling techniques such as linear regression. This is because there are a
large number of input conditions, including light intensity and spectral distribution, but also COq
concentration, photo period, temperature, humidity, choice of nutrients etc. Additionally, there are
a vast number of measurable output parameters, all of which are related to each other in a complex
way [6], which make choosing optimal light recipes based on simpler modelling techniques such as

linear regression difficult.

Neural networks are commonly used for image recognition and function fitting and prediction. They
are useful for modelling systems with large amounts of available data and can be useful for systems
with a high number of input and output variables. Neural networks also have good generalisation to
regions where data is not available, making them predictive. But due to the multilevel complexity of
these networks, the function relating inputs to outputs, although analytic, is effectively impossible

to understand.

In a recent review paper, 72 studies on neural networks for CEA were highlighted, suggesting the
application of neural networks in CEA is growing in popularity [66]. For example, a study which
used neural networks for predicting plant growth and yield in greenhouse environments compared a
neural network approach to other fitting methods such as non-linear regression and found it to be
superior [67]. It is for these reasons that this work tests neural networks for optimal light quality
prediction, this is using the neural network fitting app in MATLAB on LED recipes for growing
lettuce. The MATLAB neural network fitting app is a simplified neural network tool, it does not
allow complete fundamental customisation of neural network structure and working, but it is prac-
tical and sufficient as this project is interested in assessing the applicability of neural networks as a

method without spending too much time in doing so.
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3.2 Methodology
3.2.1 Neural Networks

A method suitable for modelling systems with nonlinear behaviour and many input and output
parameters is neural network machine learning [68]. Artificial neural networks in computing are
based on the neural network structures in the brain, with a complex network of nodes (neurons)

and connections.

Complex neural networks can have multiple neurons within multiple layers and multiple output

values, Figure 24 shows the key features and structure of a complex neural network.

Figure 24: Explanatory diagram of the architecture of a neural network [69].

However, for introducing the basic mathematics of how neural networks are modelled, it is best
to start with the most simple case: a neural network consisting of n inputs, one neuron and one

output, this is called a perceptron [70] and the schematics of this are shown in Figure 25.
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Figure 25: Schematic diagram of a perceptron: a neural network with only one neuron and one

output value.

As data passes through a neural network from the input stage to the output stage this is called

forward propagation. For a perceptron, this occurs in three stages:

1. Each input value, x; is multiplied by a respective synaptic weight w; to decide how strongly
x; will influence the following neuron in the network. This is summed over all input values
and weights:

Y=(zyxwy) + (T2 xwo) + ...+ (Tyy xwy) =T W

2. A value, b, known as the bias (or offset) is added to the sum from the previous point. This is
necessary to move the entire activation function to the left or right to generate the required
output values. Now we have:

h=Z-w+b

3. Finally, enter the value h into a non-linear activation function. These are important and used
to introduce non-linearity to the output of the neurons, they decide whether the signal is strong
enough for the neuron to fire. A simple example of an activation function for a perceptron is
a step function, which determines whether the neuron will fire or not, dependent on the value
of some threshold value 6 [71]:

0, ifh<é

1, ifh>6
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So far, this explains only how a neural network takes inputs and reaches an output, but the main
advantage and reason for the application of artificial neural networks is their ability to learn from
a set of data in order to be able to predict accurate outputs from new input data. For this, back

propagation and optimisation are needed.

Backpropagation (backward propagation of errors) refers to the algorithm for computing the gradi-
ent of the loss function with respect to the weights. The backpropagation carried out in a perceptron
is explained in the following steps. The first involves a loss function, which is a measure of how far
the outputs from the neural network are from the desired output. This is often quantified by the
mean squared error when computing regression problems. The mean squared errors between actual

and predicted output data are used to determine a cost function, such that:

MSE; = (yi - 9:)°

1 n R
C=— Z(yi —yi)2
niz1

The cost function will therefore give information about the extent to which the current weights and
biases in the neuron(s) are wrong. In order to use this information to redetermine better values
and reduce the error, understanding of how the cost function changes in relation to weights and
bias by calculating gradients is required. The gradients of the cost function are found with respect
to the weights and bias (g—gi and %) and this information is used by an optimisation algorithm,
for example the gradient descent algorithm. This changes the weights and bias, proportional to the
negative of the corresponding gradient of the cost function. With the new weights and bias, the

cost function is recalculated and backpropagation repeated, until the error between neural network

produced outputs and desired outputs is sufficiently small.

In order to train a neural network on a data set, the input and output data is split into three

sets:

1. Training Set: This is the set of data that the neural network analyses and learns from using

backpropagation and optimisation; both inputs and correct outputs are needed.
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2. Validation Set: Used to validate the model and its hyperparameters, e.g., number of hidden

layers and the learning rate; both inputs and correct outputs are needed.

3. Test Set: The sample of data used to provide an unbiased evaluation of a final model fit on

the training dataset; only inputs needed.

In the practical application of artificial neural networks, the parameters chosen by the user (hy-
perparameters) will firstly be the number of hidden layers & neurons in these layers, which control
the complexity of the functions that will produce the output predictions and secondly, the learning
rate which determines how much variation there will be in the weights and bias in each iteration of

backpropagation.

There are a number of empirically derived rules of thumb for choosing hidden layers and neu-
rons, one of the most common is for the number of hidden neurons to be between the size of the
input and output layers. Increasing the number of hidden neurons and/or layers by too much can
lead to over-fitting because it will make it easier for the neural network to memorize the training
set, that is to learn a function that perfectly separates the training set but that does not generalise
to unseen data. Regarding the learning rate, default choices are typically between 0 and 1, i.e. in
each iteration of the optimisation algorithm, the weights and bias are changed by a factor of this
number multiplied by the estimated error, to form new values for weights and bias which go back

through the neural network.

3.2.2 Lettuce Data Collection

To begin with, the experimental data from the section 2.3 of this report was used for fitting. How-
ever, due to the small amount of data in this experiment (six LED spectral recipes), neural network
training expectantly gave no meaningful fit. This is to be expected for a neural network fed with
only six inputs and outputs. However, with an extensive literature search of LED light recipe tests
for lettuce variants, data gathered from these sources was combined with experimental results from
this project and then fitted to. This is no simple task however due to the differences in data between

each different experiment in the literature.

Firstly, the umolm~2s~! values were established, both total and individual contributions from blue

(400-500 nm), green (500-600 nm) and red (600-700 nm) LEDs for all experiments in the literature,
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the same as was done in this project’s lettuce experiment data analysis (displayed in Table 4). Out-
put data was also gathered, with three output variables chosen to be plant weight, stem length and
leaf area, as these were most commonly taken quantities in the literature and were also measured

in section 2’s experiment.

A large amount of data was gathered from the following experimental literature:

1. ’Light emitting diodes as a radiation source for plants’ - R. J. Bula, R. C. Morrow, T. Tibbitts,
D. Barta, R. Ignatius, and T. Martin, HortScience, vol. 26, no. 2, pp. 203-205, 1991 [15]

2. ’Stomatal conductance of lettuce grown under or exposed to different light qualities’ - H.-H.
Kim, G. D. Goins, R. M. Wheeler, and J. C. Sager, Annals of Botany, vol. 94, no. 5, pp.
691-697 2004 [72]

3. ’Leaf Shape Index, Growth, and Phytochemicals in Two Leaf Lettuce Cultivars Grown under
Monochromatic Light-emitting Diodes’ - K. Son, J. Park, D. Kim, M. Oh, et al., Korean
Journal of Horticultural Science €& Technology, vol. 30, no. 6, pp. 664-672, 2012 [73]

4. ’Effect of green light wavelength and intensity on photomorphogenesis and photosynthesis in
Lactuca sativa’ - M. Johkan, K. Shoji, F. Goto, S.-n. Hahida, and T. Yoshihara, Environmental

and Ezperimental Botany, vol. 75, pp. 128-133, 2012 [51]

5. 'Leaf Shape, Growth, and Antioxidant Phenolic Compounds of Two Lettuce Cultivars Grown
under Various Combinations of Blue and Red Light-emitting Diodes’ - K.-H. Son and M.-M.
Oh, HortScience, vol. 48, no. 8, pp. 988-995, 2013 [74]

6. ’Light intensity and photoperiod influence the growth and development of hydroponically
grown leaf lettuce in a closed-type plant factory system’ - J. H. Kang, S. KrishnaKumar, S.
L. S. Atulba, B. R. Jeong, and S. J. Hwang, Horticulture, Environment, and Biotechnology,
vol. 54, no. 6, pp. 501-509, 2013 [75]

7. 'The effects of red, blue, and white light-emitting diodes on the growth, development, and
edible quality of hydroponically grown lettuce (Lactuca sativa L. var. capitata)’ - K.-H. Lin,
M.-Y. Huang, W.-D. Huang, M.-H. Hsu, Z.-W. Yang, and C.-M. Yang, Scientia Horticulturae,
vol. 150, pp. 86-91,2013 [76]
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10.

11.

12.

13.

14.

15.

16.

Influence of Green, Red and Blue Light Emitting Diodes on Multiprotein Complex Proteins
and Photosynthetic Activity under Different Light Intensities in Lettuce Leaves (Lactuca sativa
L.)’ - S. Muneer, E. J. Kim, J. S. Park, and J. H. Lee, International journal of molecular
sciences, vol. 15, no. 3, pp. 4657-4670, 2014 [77]

"Photobiological Interactions of Blue Light and Photosynthetic Photon Flux: Effects of Monochro-
matic and Broad-Spectrum Light Sources’ - K. R. Cope, M. C. Snowden, and B. Bugbee,
Photochemistry and photobiology, vol. 90, no. 3, pp. 574-584, 2014 [78]

"Growth, Photosynthetic and Antioxidant Parameters of Two Lettuce Cultivars as Affected
by Red, Green, and Blue Light-emitting Diodes’ - K.-H. Son and M.-M. Oh, Horticulture,
Environment, and Biotechnology, vol. 56, no. 5, pp. 639-653, 2015 [79]

"Effect of the Spectral Quality and Intensity of Light-emitting Diodes on Several Horticultural
Crops’ - M. Urrestarazu, C. Najera, and M. del Mar Gea, HortScience, vol. 51, no. 3, pp.
268-271, 2016 [30]

’Growth and nutritional properties of lettuce affected by mixed irradiation of white and sup-
plemental light provided by light-emitting diode’ - X.-1. Chen, X.-z. Xue, W.-z. Guo, L.-c.
Wang, and X.-j. Qiao, Scientia horticulturae, vol. 200, pp. 111-118 2016 [81]

"Leaf Photosynthetic Rate, Growth, and Morphology of Lettuce under Different Fractions of
Red, Blue, and Green Light from Light-Emitting Diodes (LEDs)’ - W. H. Kang, J. S. Park,
K. S. Park, and J. E. Son, Horticulture, Environment, and Biotechnology, vol. 57, no. 6, pp.
573-579, 2016 [82]

"Green light enhances growth, photosynthetic pigments and COg assimilation efficiency of
lettuce as revealed by "knock out’ of the 480-560 nm spectral waveband’ - H. Liu, Y. Fu, and
M. Wang, Photosynthetica, vol. 55, no. 1, pp. 144-152, 2017 [83]

Improving “color rendering” of LED lighting for the growth of lettuce’ - T. Han, V. Vaganov,
S. Cao, Q. Li, L. Ling, X. Cheng, L. Peng, C. Zhang, A. N. Yakovlev, Y. Zhong, et al.,
Scientific Reports, vol. 7, p. 45944, 2017 [84]

"Growth differences among eight leaf lettuces cultivated under led light and comparison of

two leaf lettuces grown in 2016 and in 2018’ - M. OZAWA, Y. SANO, Y. NAKANO, and M.
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AKUTSU, ICIC express letters. Part B, Applications: an international journal of research
and surveys, vol. 10, no. 11, pp. 985-993, 2019 [85]

The problem with inputting large amounts of data from multiple different experiments is that al-
though the data on lighting intensity and spectrum is well documented, the other experimental
conditions such as treatment in seedling phase, photoperiod, temperature and carbon dioxide con-
centration are not usually identical. It is therefore difficult to find direct relations between lighting
and output data across all the experiments without results being obscured by other important fac-

tors outside light.

Additionally, as noted by Ozawa et al. [85], the two sets of data for lettuce grown in separate
2016 and 2018 experiments saw large differences in output results, even with the same light recipes
and intensities. Their results show that plants grown in 2016 had significantly lower fresh weight,
leaf weight, and dry weight: one-sixth to one-eighth of those in 2018. This lead them to conclude
that: ”When growing plants in a commercial plant factory, it might be necessary to use an auto-
matic system for all of them. Furthermore, when conducting experiments even in a growth cabinet
and chamber, one must grow plants during the same period and with the same people conducting
experiments. The same experiments should be repeated even after changing the personnel conduct-

ing the experiments.”

Some of the experimental data in the literature did not give information about PPFD contribu-
tions in micromoles, but like for this project’s Little Gem lettuce growing experiment, gave spectral
distributions, by which PPFD is deducible similarly to in section 2.3 of this thesis. Also, regarding
output data, from the 137 light recipes throughout all 16 papers, only 24 recipes had information
about fresh weight, leaf area and stem length. Because of that limitation, for the neural network
fitting, only fresh weight and leaf area were considered. This increased the number of data points
from 24 to 77. So although some output information is lost, two key output parameters are still

available to fit to with an increased 77 data points for each of the two outputs.

3.2.3 Normalising and Randomising the Data

Importantly, both input and output data gathered from the literature was normalised such that in

each experiment the highest total gmol/m?/s value was set to 1, as were all of the highest output
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values. All of the other values were then proportionally reduced relative to their own experiment’s
maximum values. This is shown for section 2’s experiment in Table 9. Normalisation here aims to
increase compatibility between the different experiments, as the different experiments in the litera-
ture were conducted for different lengths of time, and the germination duration and conditions were
also different. Also importantly, most of the experiments looked at different types of lettuce, thus

normalising their output values is particularly important.

Given Ozawa et al.’s findings, it further highlights how sensitive output data is to slight variations in
experimental conditions excluding light intensity and recipe. It is for this reason too that the data
inputted to the neural network fitting program is normalised, whereby each experiment’s data was
normalised with respect to its own maximum values. This is so that no input or output value could
be above one and that all other data points scale proportionally with the raw data. An example of
this normalising method is shown for section 2’s experimental data in Table 9. Note, the full table

of normalised data from all studies used in the neural network can be see in the appendix (Table 19).

This normalisation is important in ensuring that experimental differences (excluding lighting) such
as setup environmental conditions, germination time, photoperiod etc. are levelled out between
different studies. The normalisation also aims to level differences between varieties of lettuce, as
each variant has naturally different weight and size and dimensions, so by normalising the data the
general trends of light effectiveness (both spectral contribution and light intensity) may be seen
across multiple different experiments. With regards to testing a model’s accuracy and precision,

normalised data is also much easier to analyse, with statistical errors for example.

The data also needs to be in a random order before feeding into the neural network. As discussed
previously, the training set is the data set the neural network builds the model on, it then validates
it on the validation set until performance is optimised, the finalised neural network is then tested
on previously unseen test data to measure its predictive effectiveness. Randomisation is important
to ensure experimental data from each of the independent experiments is randomly distributed
throughout the three data sets. Otherwise data from the first experiments may be predominantly

in the training set and latter data in the test data set and so forth.
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Raw Data

Board PPFD (mmol/m2/s) Output Data

Blue Green Red Total Weight (g) Shoot Length (cm) Leaf Area (cm2)
Green 0 50.27 0 50.27 7.19 1.16 5.725
Red 0 0 70.2 70.2 0.72 1.8 0.583
Blue 43.125 0 0 43.125 8 1.18 8.875
RG 0 22.85 48.6 71.45 12.7 0.55 8.1875
RB 24.375 0 243  48.675 3.85 1.32 2.275
White 9.75 28.334 20.52 58.604 3.68 1.34 4.375

Normalised Data

Board PPFD Output Data

Blue Green Red Total Weight Shoot Length Leaf Area
Green 0 0.70357 0 0.70357| 0.05669291 1 0.065690141
Red 0 0 0.98251 0.98251| 0.56614173 0.644444444 0.645070423
Blue 0.60357 0 0 0.60357| 0.62992126 0.655555556 1
RG 0 0.3198 0.6802 1| 0.30314961 0.733333333 0.256338028
RB 0.34115 0 0.3401 0.68125 1 0.305555556 0.922535211
White 0.13646 0.39656 0.28719 0.82021| 0.28976378 0.744444444 0.492957746

Table 9: The normalisation of data from section 2’s Little Gem lettuce growing experiment.
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3.3 Results & Discussion

Multiple ratios of training/validation/test data were tested for neural networks of varying hidden
neuron number during neural network testing. Figure 26 shows the best performing preliminary
fitting results for a neural network with five hidden neurons and 70%/15%/15% training, validation
and test data respectively. All plots show an R value of around 0.8 which shows reasonable fit to
data generally, however the variance is high, meaning that the probability is low that any one data
point is within a small error margin of the true value. An error histogram for this data is shown in

Figure 27, where for all data sets, there are high errors.

Overall, this neural network generally fits well to the data and predicts output data with some
accuracy. This seems to be enough to believe that both a trend exists between input and output
data, and that the neural network can somewhat understand the trend. However, significant errors
and large variations between accuracy in data points suggest that either the model needs improve-
ment, or the data does not contain consistent enough behaviour to see a solid trend between inputs

and outputs, to a great enough extent to allow prediction of optimal light recipes.

It is likely that the error in this model stems, at least in part, from the incoherence in data from
different experiments. As discussed in the literature, even the same research group repeating the
same experiment two years apart have observed large differences in output data for the same lighting
recipe and intensity [85], suggesting that subtle differences in the setup have large consequences.
For a more accurate model to be developed therefore, either the data set must be much larger and
contain additional input and output variables to account for variations in setup conditions between
different experiments, or data must be gathered from the same research group at the same time
with identical conditions and environments, with only light recipe and intensity varied. In these cir-
cumstances, one might expect trends to become clear and fitting to be accurate via neural network

modelling.

Additionally, neural networks could be useful to determine which output variables correlate most
with light recipe and intensity. For example, leaf area and fresh weight may be less correlated with
light recipe and intensity than stomatal conductance and dry weight. This would be easy to inves-

tigate due to the speed and ease of neural network fitting. But only experiments with large data
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sets investigating the same plant variant in the same environmental conditions can help elucidate

trends via neural network fitting.

Figure 26: Output values from neural network vs the normalised target output data from experiment,

for training, validation, test and all data.
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Figure 27: Error histogram of differences between neural network predicted output and target data

from experiment.

3.4 Section Summary

This section aimed to collect and organise LED grown lettuce data from the literature, then combine
this data with the Little Gem experimental results from section 2 of this thesis, to form a large
enough data set to apply deep neural network methodology in order to test whether a deep neural
network could aid in predicting an optimal light recipe for lettuce growth. Again, no such research
currently exists in the literature testing neural networks for use in predicting optimal light spectral
recipes for lettuce growth. A neural network which generally fit the data was found, but not with

sufficient accuracy to be able to predict optimal spectral recipes.
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4 A Holistic Approach to Power Saving in LED CEA Sys-

tems

4.1 Introduction

The previous experiment (from section 2) and following feasibility study of neural networks for
modelling and predicting optimal spectral recipes (from section 3) suggested that in order to build
an accurate predictive model, a much larger amount of highly coherent data is needed. As this is
beyond the scope of possibility for this project, a new area in which to investigate potential efficiency

increases for LED lit greenhouses is required to move forward.

This chapter therefore details a holistic approach to power saving in LED CEA systems, where
multiple factors, from the power setup to the LED light recipe are considered in order to develop an

idea of which areas are worth investigating in more detail to find novel efficiency gaining strategies.

4.2 Case Study Methodology

To study the likely impact of various approaches to reduce energy consumption, it is best to model
our study on a working experimental system, so that any conclusions drawn about energy saving
are practically relevant. The CEA facility growing strawberries at the University of Reading was

chosen to base following calculations on.

In order to analyse power input vs useful power output, key parameters and the product details of
the LEDs used were identified. The system uses Sulis series rectangular 56 W LED modules, each
comprised of 56 x 1 W white bulbs. These modules are arranged in a configuration shown in Figure

28.
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Figure 28: Schematic visualisation of the setup of the strawberry indoor growing facility at the
University of Reading, with each 2-metre-long strawberry tray containing six Sulis series rectangular
modules of 56 x 1 W white LED bulbs. This is repeated five times along the row and three times
vertically. The whole system shown was repeated four times in parallel aisles, making a total of

[((6x3)x5)x4] = 360 modules.

Figure 29: Technical parameters of the Sulis LED boards used at the University of Reading straw-

berry growing facility. Schematic and photographic images are shown on the right.

The assumption was made that the ideal amount of light was being received by the plants in the
existing setup, this is because in order to do a comparison of the initial system to systems with

energy saving measures, the amount of photosynthetically active radiation received by the plants
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should be kept constant so that energy consumption remains the only key variable, without possibly

affecting the amount of valuable light the plants would receive.

It is for this reason that the total amount of light required throughout the system was calculated
using the parameters from the setup at the University of Reading with the technical data from the

LED modules:

Installed Power:
P=[(1 W x56)x6)x3 x5] x4
P=20.16 kW

The system is therefore consisting of 20,160 x 1 W bulbs in total. To get from the power input to
the useful light output, technical information was gathered about the modules from the resources
online, which state that for a 6 x 56 W unit at 0.5 m from the plants, the associated light output is
670 pmol/s, from which it follows that a single 1W bulb has a light output of 670 pmol/s / (6x56)
= 1.99 pmol/s. Therefore, the whole system has a light output value of 20,160 x 1.99 pmol/s =
40118.4 pmol/s. The values based around the photosynthetic photon flux PPF (umol/s) quantity
are most valuable for LED lighting in plant growth as plant growth is related to the number of pho-
tons (in the photosynthetically active spectral region) interacting with the plant, with one molecule

of COj requiring 8-10 photons to bind for photosynthesis.

There is limited technical information about the Sulis series rectangular modules, particularly re-
garding efficacy at lower current, which is one of the aspects this project aims to investigate. Also,
the Sulis system uses white light and therefore gives little room for varying recipe. For Osram LEDs
however, the available information on the data sheets and in their online resources is more extensive
particularly regarding operation at different current and their selection of products is larger and

therefore more suitable for investigation.

4.3 Savings from Choice of Efficient LED Devices

Two sets of Osram LED were chosen for this study based on their recommendation in Osram’s

recent literature for CEA application: high power components (2.0 W) as displayed in Figure 30
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and low power components (1.0 W) as displayed in Figure 31.

Figure 30: High power components (2.0 W) Osram LED light, with Hyper Red, Deep Blue and

White shown respectively.

Figure 31: Low power components (1.0 W) Osram LED light, with Hyper Red, Deep Blue and

White shown respectively.

First, a direct comparison of performance for Osram LEDs vs. those in the Sulis modules (with
the technical information displayed in Figure 29). The required light power output has been set
as 40118.4 pumol/s, calculated previously to be the light output in the system at the University of
Reading working as it is. The number of Osram LEDs needed to match this requirement in the same

experimental setup can then be calculated. This is also dependent on the choice of light recipes;
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thus three basic light recipes were chosen, and one recipe chosen based on findings in the Literature

for most successful light recipes for the growth of strawberries [86]:

[\

S

. 100% White.
. 75% Hyper Red and 25% Deep Blue.
. 50% White, 37.5% Hyper Red, 12.5% Deep Blue

. 40% Hyper Red, 30% Deep Blue and 30% White [86].

Firstly, for the higher power components (2.0 W) displayed in Figure 30:

1

. For 100% White LEDs requiring a light output of 40118.4 pmol/s, the number of LEDs
required can be calculated from the pmol/s value in Figure 30 to be: 40118.4/4.54=8837
LEDs (rounded up to the nearest integer). The data sheet of this LED specifies that each

bulb is at 1.96 W, therefore the total installed power for this system is: P=17.32 kW.

For 75% Hyper Red and 25% Deep Blue LEDs requiring a total light output of 40118.4 mol/s,
the number of LEDs required can be calculated from the pmol/s value in Figure 30 to be
40118.4/((0.75x5.65) + (0.25%x5.22)) = 7239 LEDs (rounded up to the nearest integer) (5429
Red and 1810 Blue). The data sheet of these LEDs specify that the power of the Red and Blue
bulbs are 1.4 W and 2.03 W respectively, therefore the total installed power for this system
is: P=11.27 kW.

For 50% White, 37.5% Hyper Red and 12.5% Deep Blue, the number of LEDs and power
input can be calculated from the previous two recipes to be: 4418 White, 2715 Red and 905
Blue LED bulbs, with a total installed power required of: P=14.30 kW.

For 40% Hyper Red, 30% Deep Blue and 30% White LEDs requiring a total light output
of 40118.4 pmol/s, the number of LEDs required can be calculated from the pmol/s value
in Figure 30 to be 40118.4/((0.4x5.65)+(0.3%5.22)4(0.3%x4.54))=7733 LEDs (rounded up)
(3093 Hyper Red, 2320 Deep Blue and 2320 White). Again, from the power information on

the data sheets, the installed power required can be calculated as: P=13.59 kW.
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Secondly, for the lower power components (1.0 W) displayed in Figure 31, the same set of calcula-

tions leads to the following results:

. For 100% White LEDs: 18835 LEDs required and installed power required: P=17.89 kW.

. For 75% Hyper Red and 25% Deep Blue LEDs: 15460 LEDs required (11595 Hyper Red and

3865 Deep Blue) and installed power required: P=12.22 kW.

For 50% White, 37.5% Hyper Red and 12.5% Deep Blue LEDs: 17148 LEDs required (9418
White, 5798 Hyper Red and 1932 Deep Blue) and installed power required: P=15.06 kW.

For 40% Hyper Red, 30% Deep Blue and 30% White LEDs: 16289 LEDs required (6515 Hyper
Red, 4887 Deep Blue and 4887 White) and installed power required: P=14.22 kW.

From these results, three key observations can be made:

A)

4.4

For very similar light spectra and output, choice of manufacturer and product can make
significant difference, with installed power for the pure white LED systems showing a potential
14% power saving by choosing Osram 2.0 W high power component lights over the Sulis series

modules.

The power consumption is very sensitive to light recipe. Despite the system’s light require-
ments being at a fixed output pumol/s, there was still large variation in installed power values.
More studies should therefore consider the impact of light recipe on both plant response and

power consumption together to better optimise CEA systems.

From the two different Osram bulb groups, the higher power 2.0 W bulbs use less energy and
would be a better choice for lowering power consumption while maintaining fixed level of light

output.

Running LEDs at Lower Current

Using the same parameters and photosynthetic photon flux requirement as calculated in the method-

ology section, the impact on power consumption is investigated by reducing the operating current

of the LEDs. In this section, the Osram 2.0 W bulb group from Figure 30 were chosen as they gave
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the best results for power consumption previously.

Figure 32: Efficacy vs forward current for both red and blue Osram 2 W LEDs. Efficacy values
highlighted for 500 mA and 700 mA.

It is stated in the data sheets that efficacy is increased by reducing the current in both the Hyper
Red and Deep Blue LEDs. For the Hyper Red LEDs, efficiency is increased from 73% to 78% at
700 mA and 350 mA respectively. For the Deep Blue LEDs, efficiency increases from 69% to 72%

at 700 mA and 350 mA respectively.

More detailed analysis of the relationship between efficacy and forward current was possible for
the chosen Osram red and blue LEDs due to the graphs available on their data sheets, the graph
in Figure 32 shows increased efficacy at lower forward currents, for LEDs of both red and blue (the

same was also true for a white LED).

This section therefore considers how much energy would be saved if the PPFD requirement is
again kept constant, but the current is lowered from 700 mA. This therefore means more LEDs are

required.
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As only the Hyper Red and Deep Blue LEDs have available data on efficiency increase at lower
current, only light recipe number two from the previous section is selected for the calculation of a

system running at 350 mA. Results for the number of LEDs required and installed power:

e For 75% Hyper Red and 25% Deep Blue LEDs: 13611 LEDs required (10208 Hyper Red and
3403 Deep Blue) and installed power required: P = 10.60 kW

The implications of this finding are that when comparing to the previous section’s equivalent sce-
nario, where the Osram 2.0 W system is running at 700 mA, there is an overall possible power
saving of around 6% with the same light output, with the condition that the system has 1.88
times the number of lights. Alternatively, the case can be calculated for running the LEDs at 500
mA, giving an power saving of 3.3% and requiring 1.4 times the number of lights. This should also

be expected for other Osram lights (i.e. white) and therefore for all light recipes discussed previously.

Additionally, running LEDs at lower currents would reduce the junction temperature, which not
only increases efficiency of light output, but would inevitably increase the lifetime of the LED, fur-
ther contributing to the energy and overall cost saving of the setup. Quantitative analysis of this is
currently not possible however, as there is no available data showing how much lifetime is affected
by variations in forward current. There is however existing data which shows that the difference
in lifetime (L7g) between an LED with a forward current of 1 A and 1.5 A is more than double (>
35,000 extra hours), as shown in Figure 33 [87]. It is difficult to extrapolate the expected lifetime
increase for the case of a reduction in current from 700 mA to either 500 mA or 350 mA. However,
note that if the lifetime is increased by a factor of 1.88 or more for the 350 mA case, or 1.4 or
more for the 500 mA case, the cost of installing extra lights initially is outweighed entirely by the
increased lifetime (replacement LEDs require purchasing less often), this is aside from the additional
accumulated energy cost saving over the lifetime of the LEDs. For full quantitative analysis of this,

data is needed on the relationship between forward current and LED lifetime.
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Figure 33: How forward current effects the lifetime of an LED (whose nominal current is 1 W) [87].

4.5 Energy Tariff Considerations

Electricity supply and demand varies during the day, this means firstly that when demand is high,
the grid relies more on non-renewable sources to supplement supply than when the demand is lower.
Therefore, energy consumed in high demand periods is effectively less environmentally friendly.
Secondly, the cost of electricity per kWh increases during peak times and decreases during off-
peak times and at night. Overall, this means that considering the hours of the day in choice of
photoperiod for artificial lighting could lead to a reduction in both carbon emissions and energy
cost. The aim of this section is to consider variation of photo-period for artificial lighting systems

in order to minimise CO4 emission and cost.

4.5.1 Systems with Solely Artificial Lighting

Firstly, the carbon emission variation throughout the hours of the day is considered. Data on carbon
intensity (grams of carbon dioxide emitted per kilowatt hour of electricity produced) for the UK
grid is available via carbonintensity.org.uk, showing the national gCOy/kWh values on a half hourly
basis, with existing downloadable data going as far back as September 2017; it also offers 48 hour
UK forecasts. Average half-hourly carbon intensity values were taken throughout seven day periods

in each quadrant of the year: the first week of October 2019, December 2019, March 2020 and June
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2020 respectively. This is to give an indication of how the carbon intensity varies throughout the
day seasonally, as it is expected that although the data varies on a non-repeating daily basis, trends

would be visible seasonally.
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LED cycle begins. Data was taken from carbonintensity.org.uk. Avg gCOo/kWh values plotted
were calculated from weekly averaged carbon intensity values. Red and green bars show the least
and most environmentally friendly times to switch the LEDs on respectively. The purple bar shows

the commonly chosen 6 am - 10 pm plant growing photoperiod cycle point.

Once this data was gathered, average carbon intensity values were found for all possible choices of
16 hour photo-period, as shown in Figure 34. This figure shows that for each season, beginning a
16 hour LED photo-period at 6am, which is a commonly chosen time, is the least environmentally
friendly due to increasing the demand on the grid during higher carbon intensive energy supply
periods. Beginning the 16 hour cycle instead in the evening is therefore the less carbon intensive
option, though only feasible for solely artifically lit systems such as plant factories which do not

rely on sunlight. For October, switching an LED system on at 20:30 would reduce effective carbon
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emissions by 14% compared with a 6:00am switch on time. For December, March and June, the
savings are 11%, 5.7% and 8.6% respectively. This implies an average possible saving of around

10% carbon emissions yearly if choice of switch-on time is based on carbon intensity data.

An alternative method to consider reducing carbon footprint is to choose energy suppliers which
offer solely green energy: electricity prices were noted for one such energy supplier in the UK of-
fering electricity from 100% renewable sources. As the prices of electricity vary depending on the
time of day, consideration must be given to minimise cost. For this example supplier, the prices for

electricity in the East Midlands area are:

o Off-Peak (8 am - 5 pm & 8 pm - 12 am) - 12.18 p/kWh
e Peak (5 pm - 8 pm) - 25.47 p/kWh
e Night (12 am - 8 am) - 8.2 p/kWh

With these prices, the calculated cost saving from choosing the cheapest (12am - 4pm) in place of
the standard (6am - 10pm) 16 hour photo-period is 28% cost saved. It can also be seen that
this cheapest photo-period is broadly consistent with the graphs shown in Figure 34 for the carbon

intensity on the supply side.

Systems Working in Conjunction with Sunlight

The work in the previous section is only applicable to plant lighting environments which do not
work in conjunction with sunlight, such as plant factories or closed vertical farms. In these systems,
one has complete freedom over when the artificial lighting is on and off. However, many CEA sys-
tems use artificial lighting as supplementary alongside sunlight and so the choice of switch-on time
for the 16 hour lighting cycles is limited to those spanning the daylight hours as artificial lighting
should be synchronised with sunlight. More careful consideration therefore needs to be given to

investigate emission and cost saving for these systems.

Average sunset times for each month of the year were noted and optimum 16 hour photo-periods

chosen for each month which minimise price while ensuring the photo-period spans the duration of
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the sunlight. Calculations for yearly savings give an approximate cost saving of 11%. This is a
significantly lower saving than for the above case in systems working with solely artificial lighting
because in this case the months in the spring and summer with later sunsets coincide with peak
hours. However, 11% is still significant cost reduction, especially considering that yield and energy

consumption should remain exactly the same.

4.6 Dimming Artificial Lights with Sunlight

Another energy and cost saving strategy involves dimming the artificial lighting when the sunlight
is sufficiently strong to significantly contribute to the PPF on the plant surface. In reality, opti-
mal dimming solutions employ dynamic light sensors which adjust the artificial lighting’s intensity
based on real-time sunlight brightness values, but for the sake of this study, dimming is based on av-

erage seasonal data for sunlight to gauge an approximate amount of possible energy and cost saving.

To assess the energy and cost saving potential, seasonal daily dimming levels were proposed for
the UoR system modelled thus far. These dimming values were estimated based on information
from the literature. Firstly, Figure 35 shows the difference in PPFD for a sunny clear day and a
cloudy day in the summer in New Zealand [88]. The evidently large difference in the PPFD values
dependent on these weather conditions lead to the following choice for dimming calculations: on
cloudy days no dimming occurs. Only on clear days is dimming considered. Average data on UK
weather gives a clear sunlight to daylight proportion of 0.41, 0.39, 0.31 and 0.25 for summer, spring,
autumn and winter respectively, accounting for overcast periods. This means that for calculations,
lights were only dimmed 41%, 39%, 31% and 25% of the time in summer, spring, autumn and winter

respectively.
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Figure 35: Comparison of PPFD values throughout the day for a clear summer day vs a cloudy

overcast summer day in New Zealand is shown on the left and right respectively [88].

Additionally, sunlight intensity distribution throughout the day for each different season needs to be
considered. The average seasonal hourly sunlight intensity is shown in Figure 36. On a summer day,
the peak shows an intensity of around 500 W/m?2, and from various sources it is generally accepted
that the summer peak sun produces around 2000 pmol/m?/s PPFD. As W/m? is approximately
proportional to PPFD, the hourly PPFD on a clear day can be approximated for each season from

Figure 36.
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Figure 36: Hourly sun intensity for spring, summer, autumn, winter and year average (for Leeds in

the UK). [89)]

The amount by which the top lights are dimmed in the three tier vertical system is based on these
estimated PPFD seasonal values from Figure 36. The lights are dimmed such that the total PPFD
value remains at least 200 pmol/m?/s throughout the 16 hour photo-period, as this is a suitable
PPFD value for Strawberry [86] (the plant variety in this case study), this is also a suitable PPFD

level for many other plant species.

Piecing together information from Figures 35 and 36, approximate PPFD values can be found
throughout clear days in each season. With this information, the amount of dimming can be ad-

justed to keep the PPFD value recieved by plants at least 200 pmol/m?/s.

Table 10 shows dimming levels and their associated energy and cost saving. Calculations yield
a total yearly energy saving of around 8.1%, but this is arguably a very conservative estimate.
Firstly because dimming was only assumed to be for the top shelf of a three tier system (the Univer-
sity of Reading case study system), as though only the top shelf sees the sunlight and therefore the
bottom two layers are not dimmed. In reality however, particularly with diffuse greenhouse barriers,

which spread light while transmitting more than 80% of the PAR (see Figure 37), some fraction of
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the sunlight getting through would light at least the middle tier of plants as well. Secondly, it is
also assumed that cloudy days give no contribution to the pmol/m?/s on the plants in the green-
house. In reality, even on cloudy days particularly in summer, the sun would give some pmol/m?/s
contribution warranting some level of dimming to the LEDs. This 8.1% saving is therefore likely to
represent a conservative minimum saving under any dimming strategy which does not compromise

crop yield.

Table 10: Approximate total yearly energy and cost savings from dimming artificial lights during
daylight hours on clear days. Dimming values are correlated with Figure 36 and dimming percentages

represent dimming on clear days.

Season % Dimming Sunlight/Daylight % Energy Saving % Cost Saving

Summer  6-7am & 8-9pm (16.7%) 0.41 12.4 13.5
Tam-8pm (33.3%)

Spring 7-8am & 7-8pm (16.7%) 0.39 9.8 10.1
8am-Tpm (33.3%)

Autumn  7-8am & 5-6pm (16.7%) 0.31 6.5 7.4
8am-5pm (33.3%)

Winter 9-10am & 3-4pm (16.7%) 0.25 3.6 4.1
10am-3pm (33.3%)

Yearly 0.34 8.1 8.8
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Figure 37: PAR Transmittance of sunlight through 20 different greenhouse cover materials [90].

Another important consideration is that when the sun is supplying more than 200 gmol/m?/s, the
growth rate would be increased. However, the relationship between electron transport rate (ETR)
and PPF is nonlinear and as PPF increases, the rate at which ETR increases lowers, this is shown
in Figure 38. This could be a contributing factor to further possible dimming in a more detailed

study, leading to more energy savings than stated earlier in Table 10.

Figure 38: Electron transport rate vs PPF for Lettuce [91].
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From a costing perspective, average yearly cost saving was calculated to be 8.8%, as shown in Table
10. If this is combined with the previously derived 11%, calculation gives 18% total yearly cost
saving for dimming LEDs and working LEDs at cheapest suitable times. Note, this is a
simplified and conservative approximation. If a more in depth simulation study was done for costing

under more careful consideration, a higher cost saving would be expected.

Also, at first it seems suspect that cost calculations give a 10% higher saving for solely artifi-
cial lit systems compared to dimmed systems working in conjunction with sunlight. However, this
just highlights the magnitude of cost difference of electricity at night/off-peak hours compared to

peak hours, particularly for the tariff chosen, which sources all electricity from renewable sources.

A more elaborate study of such dimming and associate energy saving exists in the literature [91].
Watson et al. ran three simulations with increasing levels of sophistication, based around Athens
in Georgia. As they explain: ”The first simulation leverages LED adaptive lighting. The second
incorporates a daily decision, where the adaptive lights are turned off for the day when the expected
daily solar radiation exceeds the ETR that optimises growth. As to the third simulation, it lever-
ages “within day” decision making, where the adaptive lights are turned off when the target solar

radiation for the day has been achieved.”

At the most sophisticated level of dimming strategy, they predict around a 66% energy and cost
saving (they assumed a constant electricity cost per kWh) in comparison to their baseline level.
However, this is based on data in a sunnier geographical location and also simulates a single tier

greenhouse rather than a vertical stacked plant system.

4.7 Section Summary

By taking a holistic approach to power saving throughout LED lit plant growing systems, many
possible strategies have been identified and discussed, both by considering various literature and by
performing calculations. It is clear that in many cases, a single aspect of the system can be altered
such that large energy savings are possible. If many of these are adopted, the total system power

requirement employing these strategies could be radically reduced from that of a conventional setup.
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Specifically, this section has estimated energy savings of various strategies, based on a case study
three tier vertical strawberry growing facility at the University of Reading, supplemented by LED
lights. These strategies include: choosing a more efficient Osram LED device (with an estimated
energy saving of 14%), choosing a more efficient spectral recipe based on literature for strawberry
growth (with an estimated energy saving of 21%), dimming some of the LEDs during sunlight hours
(with an estimated energy saving of 8%), and running LEDs at lower current where efficiency is
higher (with an estimated energy saving of 6%). These strategies combine to give a total estimated
energy saving of 41%. This demonstrates that a series of simple and independent energy saving

strategies can be implemented together and significantly cut energy consumption.
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5 Power Distribution to Lighting Setup - DC vs. AC

5.1 Introduction

In section 4, a series of simple strategies were investigated individually and combined to show that
an approach to energy saving measures employing multiple small improvements in energy efficiency
leads to great energy savings on the whole system level. This section however looks more in depth

at a specific energy saving strategy which considers AC grid supply vs DC grid supply.

An increasing amount of DC appliances and a growing number of integrated DC renewable sources
has put emphasis on research of DC grids, especially at local scales where loads are mainly DC.
Normally, as the grid supplies standard AC 230V, every appliance has to have a double stage con-
version within consisting of AC-DC and DC-DC for the desired rating of the device. This added
conversion stage, plus power factor correction (PFC), expectantly decreases efficiency and increases

the complexity and bulkiness of each module.

5.2 DC Grids Review

DC distribution systems have been proposed and implemented in a variety of different applications.
For example in data centers, where electricity savings between 7% and 28% have been estimated
for a 380 V DC distribution system compared to an equivalent system operating at 208 V AC [92].
Commercial buildings in the United States, which currently consume 61% of their energy in elec-
tricity [93], have seen early adoption use cases for DC distribution systems (primarily in lighting

applications) due to the high coincidence of solar generation and commercial loads [94, 95].

A number of studies have addressed the potential electricity savings from DC distribution sys-
tems in buildings [92,96-104]. For the commercial sector, the reported savings differ significantly,
from 2% [105] up to 19% [106]. A table of studies assessing DC grids in various systems and their
respective energy saving, either through modelling or experiment, is shown in Table 11. Higher
savings were reported in systems that were connected to a DC source such as PV and batteries. In
general, the reported savings are highly dependent on the converter efficiencies for the AC and DC
distribution systems, the DC distributions system topology and voltage levels, and the coincidence of

loads with PV generation. US National Renewable Energy Laboratory (NREL) considered various
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commercial building types, operating schedules, system configurations, and geographical climates

to predict 6%-8% electricity savings by using DC distribution.

Study Type Scenario Electricity Savings

Building with Battery Storage 2%—3%

All-DC building (res. and com.)
5% residential 8% commercial
No battery storage

Modelling
All-DC Residential Building 5% w/o battery 14% w/ battery
5.0% ti | building 7.5%
All-DC Residential Building conventionat bullding
smart bldg. (PV-load match)
LED DC system [no battery) 6%—8% (modelled)
Experimental All-DC office building (battery, EV) 4.2%
All-DC Building (battery, EV) 2.7%—-5.5% daily energy savings

Table 11: Literature review on energy savings from DC distribution over AC distribution. Top to

bottom references: [92-95,105,107,108]

Converters contribute the most to overall building network electricity loss, and the DC building
network is designed to reduce the number of conversions. In general, the efficiency of converter
products increases with power capacity and operating voltage. Each converter has an efficiency
curve (efficiency as a function of power output proportion to maximum) which varies based on
different market options for converters [98]. Efficiency data can be obtained as visual curves from
data sheets. In order for a converter’s efficiency curve to simulated, its rated power capacity must

be known.

In summary, DC power distributions over DC networks have many benefits including:

e Higher power system efficiency due to fewer AC/DC or DC/AC conversion losses.

e DC system components tend to be more compact than equivalent AC components because of
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higher efficiency and due to not being frequency dependent.
e Lower capital costs due to fewer electronic components used (no inverters).

e Higher survivability (lower power control system complexity) when subjected to external and
internal disturbances due to elimination of synchronisation requirements associated with AC

systems.

e Most distributed energy sources and storage devices have inherently DC outputs, making DC

architectures more natural options for their integration.

The efficiency of AC/DC converters increases with the output power and also changes with loading
conditions; at low loads the efficiency can be very low, wasting a large amount of energy that goes
through the converter as heat. Research shows that the average efficiency of individual AC/DC
converters for individual appliances is 68% while for centralised converters it is 90% [109]. A single
centralised conversion stage, as opposed to many dedicated conversion stages, reduce points of losses

and thus improves reliability and overall efficiency [110].

AC/DC power supplies with a power rating under 100-150 W are considered as modular power
supplies and the AC/DC power supplies rated above 1000-1500 W are considered as main power
supplies. For DC/DC converters, where the first conversion stage in AC/DC converters is removed,
the overall efficiency is about 2.5% higher, and thus a modular DC/DC power supply is 88.4% effi-
cient while a main DC/DC power supply is 92.3% efficient [110]. When supply is from AC sources,
power is first converted to DC, then a DC/DC converter is used to reduce the voltage to the level
required by the appliance. All of these conversion stages are points of power losses. For a typical
residential household, use of DC-technologies in DC-inherent appliances lead to an average saving of
33% in energy consumption. This includes current-controlled loads and loads with multiple internal

voltage rails.

LEDs are a current-controlled load since their luminosity is nearly proportional to their current.
DC LED drivers are often 95-98% efficient, whereas AC LED drivers commonly have 86-93% effi-
ciency [98,104]. In addition, AC LED drivers are more expensive because they have to rectify the
AC input, apply power factor correction (PFC), and cancel the 120 Hz AC power ripple with a large

electrolytic capacitor.
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5.3 Using DC Supply for LED Lighting Setup in CEA

Greenhouses and other CEA implementations are increasingly adopting LEDs because of their many
advantages over traditional supplementary and sole lighting, as discussed in previous sections. Con-
sideration of AC supply vs DC supply for these systems is therefore crucial to increasing LED
lighting system efficiencies; decreasing the energy consumption and negative environmental impacts

of CEA on climate through lowering COy emissions.

As LED use in horticulture is a relatively new area of research, the main sources of review for
comparison of AC and DC scenarios discussed in the previous section are in various other applica-
tions. Since LEDs are DC devices, there are more advantages for systems consisting of them to be
supplied via DC distribution systems, rather than systems with mixed DC and AC loads (which are
still indicated as more beneficial over AC distribution systems). The advantages and feasibility of a
DC grid for large scale CEA lighting systems consisting of many DC LED loads, in comparison to an
AC fed system aim to be examined in this section. Note, consideration of a DC grid is particularly
relevant for cases where power supply is aided by locally installed renewable systems, which are

often DC based power technologies, this is investigated in more detail later in the report.

Normally for LED lighting systems in agriculture, each LED module has its own local AC/DC
rectifier before a DC/DC driver for supplying LEDs; this is shown with each constituent component

in Figure 39.

Figure 39: Schematic diagram of a rectifier converting AC supply to DC [111].
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These components before the DC/DC driver have an associated loss which combine to give total
losses of around 10% more than for the DC/DC LED driver case. The difference in overall setup
for an AC LED driver and DC based LED driver (where AC is converted to DC beforechand) is
shown schematically in Figure 40. Examples of efficiency comparison for both AC powered and DC
powered market LED drivers are shown in Table 12. Additionally, these components take up around
40% or more of the space in each printed circuit board, making the modules less space efficient.
A higher number of components also decreases system reliability, and generally for LED modules
the power converter side is more susceptible to fail than LEDs themselves. Therefore, removing the
AC/DC converter from each module would increase lifetime of the module as well as decreasing the

converter loses.
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[ 3 s s 7 S e
DC-based ; > > -
LED driver :
l passive LED string
110-230V . AC/DC
50-60Hz ' | power supply = > =
| 1 e / s
1 o P bl
DC-based | : - - -
LED driver

passive LED string

LED lamps with external drivers operating on a DC infrastructure.

— e l Val
110—230vi AC-based 7 A V

50 - 60 Hz \[q"' LED driver

LED lamp with integrated AC-based driver

LED lamps with integrated driver operating on AC mains.

Figure 40: Schematic comparison of DC LED driver vs AC LED driver [112].
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Table 12: Efficiency comparison of three market AC and DC LED drivers [112].

If the AC grid is to supply a DC grid for lighting purposes, a central rectifier is needed. However,
this central rectifier can be more efficient than those on individual LED modules due to its larger

size. It’s losses are estimated at about 2% (generally smaller rectifiers have lower efficiency).

5.4 Conversion Losses and Cabling Losses

DC/DC converters convert DC power from one voltage level to another. They are predominantly
used in low power and voltage applications and are found in appliances with electronic circuits. High
power DC/DC converters are typically more efficient than lower power models. Figure 41 shows

efficiency curves for step down DC/DC converters with power ratings above 1 and below 5 kW.

Figure 41: Efficiency curves for different market DC/DC converters (Vy, <140 -400V pe, V=48
VDC, Pmam: ].—5 kW) [93}
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AC LED drivers typically convert AC power to a lower voltage DC. They also regulate voltage and
current through the LED circuit. DC LED drivers operate similarly to their AC counterparts, but
do not require rectification. Popular manufacturers of LED drivers include Philips, Delta Electron-
ics, Meanwell, and others. Figure 42 shows efficiency curves for AC LED drivers with power ratings

less than 500 W and input voltage at 120V.

Figure 42: Efficiency curves for different market AC LED drivers (P,uq0 < 500W,V;, =120V 4¢,
Vout:48VDC) [93]

Rectifiers are used to convert AC power to DC. In the AC distribution system, rectifiers are used
in DC internal appliances. In the DC distribution system, one or more higher power rectifiers can
be used to convert AC power from the grid to DC when power from the PV system or the battery
is not sufficient for the loads. Popular manufacturers for rectifiers include Eltek, Delta Electronics,
Murata, XPPower, Emerson, and others. Figure 43 shows the efficiency curve for market rectifiers

rated at 1-12 kW.
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Figure 43: Efficiency curves for different market rectifiers (V;,=120/277/480V a¢, Vout=48V e,
Ponas: 1-12 kW) [93).

For cabling losses, length of cable and the load power both linearly effect the fraction of power lost.

This is represented as a 3D plot in Figure 44.

Loss(%)

Load power(kWy) 1 &  Distance fram the DC bus ta the loadim)

Figure 44: Line power loss in relation to the load power and Lgy;s (the distance between the DC bus

and the load) for 120 V DC and AWG 8 copper wire [113].

Voltage drop and power loss are two important indexes for determining wise voltage levels and wire
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cross-sections.

Figure 45: A simple two bus DC circuit.

For simplicity, a two-bus DC circuit shown in Figure 45 is used to derive the formulations for both
voltage drop and power loss. R; denotes the line resistance from the load to the source. Vj is the
source voltage. Py and V are the load power and voltage. Thus, the ratio of the line power loss
(Pioss) to the load power can be expressed as:

Ploss _ 2(PL/VL)2RL _ &

Py, Py, V2

Ry, (6)

Since the line voltage drop (Viss) is required to be significantly less than Vy, the ratio of Vi, to
the source voltage can be approximately calculated below:
Woss VO - VL VO - VL 2PL

= ~ = 7R 7
Vo Vo Vi V2 t @)

Thus, we can derive:

‘/loss N -Ploss _ 2-PL &l

~

Vo P, V2SS

where p, [ and S are resistivity, line length, and cross-section, respectively.

86



The line voltage drop ratio is approximately equivalent to the line power loss ratio, and it is pro-
portional to Py, and 1, and inversely proportional to line voltage squared (V) and cross section (S).
In addition to the voltage drop and power loss, the wire’s thermal limit is another important index

to be taken into consideration for the design of an indoor microgrid.

5.5 Design of Buck Converter and Rectifier

To accurately calculate efficiency and power losses for a system converting AC grid electricity to
DC, the specific components for a system have been modelled in MATLAB Simulink. Firstly, this

is a buck DC-DC converter, as shown in Figure 46.

Figure 46: Circuit diagram for a buck DC-DC converter designed on MATLAB Simulink.

Next, a single phase rectifier (basic schematic shown in Figure 47) with a buck converter circuit was

designed in Simulink, as shown in Figure 48.
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Figure 47: Schematic circuit of a rectifier.

Figure 48: Circuit diagram for a single phase rectifier and buck converter designed on MATLAB

Simulink.

Lastly in Figure 49, design of a three phase controlled full wave bridge rectifier using Simulink is

shown.
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Figure 49: Circuit diagram for a three phase controlled full wave bridge rectifier with buck converter

designed on MATLAB Simulink, for supplying proposed setting above.

Considering the case study system of interest from section 4, the next step is to simulate a string of
17 2W LEDs running at 500 mA, which is lower than maximum suggested current (700 mA). The
voltage per LED is 2.8 V and their total internal resistance is 100 2. Line requirements of 50 V at
0.5 A are simulated with and without a rectifier. Graphs generated based on these parameters and
the designed components are displayed in the appendix (Figures A.1-A.6), displaying information
on the three designs such as current vs. time and voltage vs. time.

5.5.1 Calculation of Power Losses

The three main causes of power dissipation in a DC/DC converter are:

e Inductor conduction losses
e MOSFET conduction losses

e MOSFET switching losses
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Firstly, the inductor conduction loss is given by:

Pr = I}2%MS—L x Rpcr (9)

Where Rpcr is the DC-Resistance of the inductor. The RMS inductor current is given by:

AT?
Tivsop =10+ ETY (10)

where Al = ripple current. Typically Al is about 30% of the output current. Therefore, the induc-

tor current can be calculated to be:

[RMS—L =1.00375 x IO (11)

Because the ripple current contributes only 0.3756% of Igars-r, it can be neglected. The power

dissipated in the inductor now can be calculated as:

PL:ISXRDCR (12)

Next, for the MOSFET losses, the power dissipated in the high-side MOSFET is given by:

Po1 = IJQ?,MS—Q1 x Rpson1 (13)

Where Rpsoni is the on-time drain-to-source resistance of the high-side MOSFET. Substituting

for IRMSQ13

AT?

WV
Pleiox(]g+7
Vin 12

) x Rpsont1 (14)

The power dissipated in the low-side MOSFET is given by:

P2 = Ifprs g2 X Rpsone (15)
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Where Rpson2 is the on time drain-to-source resistance of the low-side MOSFET. Substituting for

Irnsg2:

Pgs = (1——) x (I§+72)XRDSON2 (16)

The total power dissipated in both MOSFET’s is given by:

Prer = Pg1 + Pgo (17)
Substituting for Pg1 and Pga:
AP\
_ (72 0 _
Prer = (Io ST )[VJN x (Rpson1 — Rpsonz) + RDSON2] (18)

_ (Vin-Vo)xVe
where AI = W‘O/INO
and where L = Inductance (H), f = Frequency (Hz), V;ny = Input voltage (V), Vo = Output voltage

(V).

For typical buck power supply designs, the inductor’s ripple current, Al, is less than 30% of the

total output current, so the contribution of AI%/12 is negligible and can be dropped to get:

Vi
Prpr = I§ % [VO x (Rpson1 — Rpsonz) + RDSON2] (19)
N

Note that when Rpson1 = Rpson2, the power dissipated in the MOSFETSs is independent of the
output voltage. From Equation 19, the MOSFET conduction losses at any output voltage can be
calculated. The other losses, such as switching losses and inductor conduction losses are indepen-
dent of output voltage and remain constant with changes in output voltage. Hence, Pp now can be

computed as:

Pp = P, + Prgr + OtherLosses (20)
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The other losses include the MOSFET switching losses, quiescent current losses etc. If both the
total power supply losses and power supply output power are known, the overall efficiency at any

output voltage can be calculated with:

Py

_ 21
P0+PD ( )

n

5.6 Section Summary

Firstly DC grids were assessed from the literature, where increasingly they are being seen as more
favourable than conventional AC systems, especially for long distance transmission or in small dis-
tribution systems where most of the connected devices are DC and requiring conversion from AC

to DC feed.

For a greenhouse with vast amount of LEDs it is inevitable to have a substantial amount of losses
and in this chapter this situation is explored and a DC distribution for a greenhouse system to feed
LEDs is suggested as an improvement for electrical losses. A review and preliminary qualitative
feasibility study has been done for this aim, and initial designs on Simulink modelled for necessary
components in a system converting AC grid electricity to DC. However, further investigation would
be needed to apply the idea for practical purposes and calculate real efficiency differences between

AC and DC supplied systems of interest.
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6 Modelling Renewable Technology Integration into LED lit
CEA Systems

6.1 Introduction

With climate change becoming an increasingly concerning world issue, the agriculture sector, like
many other sectors, is having to evolve to become more sustainable and aid in lowering greenhouse
gas emissions. Currently, vertical farms and plant factories offer higher space efficiency for crop
production than traditional farming methods, as well as consistent year round crop production
independent of geographical location. Their main problem is the cost and associated emissions
from high energy usage, primarily in lighting and heating/cooling. Previous sections have discussed
strategies to lower energy consumption whilst maintaining optimal plant growth. This section fo-
cuses on how, given a system of a particular size and therefore power demand, one can incorporate
renewable technologies either solely or alongside grid supply in order to lower carbon footprint and
energy costs. Of course, systems of different size may benefit from different power setup configura-
tions as the practicality of different energy production technologies can depend on scale. This section
herein evaluates different combinations of various grid connected and off-grid renewable generation
regimes for different system sizes, with power demand predictions being based on the University of
Reading’s strawberry growing facility case study system from section 4 (for which setup, system size
and power requirement are known). This is in order to assess which power setups can best reduce

carbon footprint and energy costs for greenhouses with LED supplemental lighting.

6.1.1 HOMER Software

In order to assess and compare different renewable power setups for greenhouses of different sizes,
the HOMER (Hybrid Optimisation for Multiple Energy Resources) software is used to simulate and

optimise the various chosen configurations.

The HOMER software by NREL (National Renewable Energy Laboratory) is the global standard
for optimising microgrid design in all sectors [114]. It is a useful tool for investigating renewable
technology integration for a given load and system preferences, with grid option available. Using
this software it is possible to calculate the total project cost, cost of electricity per kWh and impor-

tantly the COq emissions for chosen generation options. HOMER can model systems serving both
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electric and thermal loads, and can incorporate any combination of the following energy technolo-
gies: photovoltaic (PV) modules, wind turbines, small hydro, biomass power, reciprocating engine

generators, microturbines, fuel cells, batteries, and hydrogen storage.

Many studies have been done using HOMER, mainly techo-economic feasibility studies for a wide
range of applications and sectors to supply power, demonstrating its versatility and popularity.
Off-grid examples include a study for agriculture [115], for rural communities without grid ac-
cess [116,117], on an island in the UK [118,119] and for LED street lighting power supply [120].
On-grid examples include for island power supply [121], for a rural area with grid access [122], for

a rural area comparing both on and off-grid setups [123].

6.1.2 Biofuel & CHP

Biomass energy is a growing sustainable energy technology which is already a big part of the modern
green energy system. Biomass is the most widespread form of renewable energy [124] where it is
readily available in most parts of the world [125-128] and comes in many forms, such as dedicated
energy crops, agricultural crop residues, forestry residues, algae, wood processing residues, munic-
ipal waste, and wet waste; any organic matter can produce biomass energy. There is significant

recent growth in the energy crops area, where crops are specifically grown for biomass production.

Although biomass energy is often deemed carbon neutral, this is contended and dependent on
the sourcing and processing of the biomass [129]. Biomass is cheaper than fossil fuels and can even
make use of landfill waste material, further contributing to a cleaner environment. There are also
many different processes to convert biomass into energy. A comparison of the different types and
their respective efficiencies can be seen in Figure 50. From the chart, it is clear that the combustion
method to produce only electricity is not very efficient and therefore, for a solely electrical load,
biomass does not perform best. However, if the system has mixed thermal and electrical load re-

quirements, cogeneration can offer a much higher efficiency.
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Figure 50: Comparison of efficiencies for different biomass to energy technologies [130].

Cogeneration is a biomass technology which produces both electricity and heat, and offers high
efficiency for systems requiring both [131,132]. Cogeneration is also of interest for application in
greenhouses, where typically around 40% of the energy usage is for heating and cooling, so the heat

produced by a biomass cogeneration system would be highly suitable.

If biomass is readily available, whether from agricultural waste or otherwise, biomass energy tech-
nology is a cost effective, efficient and green way to produce energy to meet the demand of a CEA

greenhouse.

6.2 Methodology
6.2.1 HOMER Software

In the simulations throughout this chapter, for both the small UoR case study system from section 4
and larger (one and two hectare) systems, a variety of combinations of grid, wind, solar, battery and
biomass CHP technologies are considered and optimised using the HOMER  software to see which
configurations reduce cost and emissions most effectively. The assessment for the best micro-power
systems can be difficult because of the huge number of design option possibilities. An additional
factor contributing to this difficulty is that the power output for renewables can be intermittent and

uncertain. HOMER was designed to overcome these challenges using sophisticated methods which
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are outlined in this methodology.

The HOMER software incorporates the material cost, installation cost, device efficiency and power
generation capacity of a wide range of renewable technologies to feed a given energy demand.
HOMER also incorporates weather data such as yearly average sunlight and wind speed data in
order to give accurate estimations for wind and solar generation potential given a particular geo-
graphical area (in this case, the midlands, UK). This is illustrated for the chosen location in Figure

51.

Figure 51: Monthly load profile (for the UoR case study system), chosen geographical location,

yearly solar irradiation and wind data respectively.

The HOMER software operates in three principle steps: simulation, optimisation and sensitivity
analysis, in order to find the best setup for a given set of power supply technologies. These three
steps are illustrated conceptually in Figure 52, where the ovals represent a set and subsets such that
each single optimisation includes a set of multiple simulations and each single sensitivity analysis

includes a set of multiple optimisations.
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Figure 52: Abstract representation of the simulation, optimisation and sensitivity analysis processes

in the HOMER software [114].

Simulation

The first objective of simulation is to determine whether a system is feasible. It is deemed fea-
sible if the load requirements can be satisfied while respecting any other constraints imposed by the
user. Once considered feasible, simulation estimates the total cost, or life-cycle cost of the system

over its lifetime.

Simulating the long term operation of a micro-power system is the fundamental aspect of the
HOMER software. Simulations evaluate how a particular setup configuration, with a fixed com-
bination of system components of specific size, behaves over a whole year using small (one hour)
increments. Hourly time-steps are necessarily small because energy production potential fluctuates
at small time scales, particularly for systems with renewables. Daily, weekly or monthly averaged in-
formation for wind and solar availability would not provide enough insight to accurately model how
a real system using these resources would behave, as the variability within a day would impact the
operation and behaviour of a power system. While some extra effects cannot be modelled effectively
with hourly time steps, smaller time steps such as minutes or seconds would mean extremely slow
simulation times. Overall, one hour time steps are deemed the ideal compromise between accuracy
and time practicality: small enough to allow the most important statistical aspects of the load and

the intermittent renewable resources to be captured, but large enough to avoid slow computation,
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where optimisation and sensitivity analysis would become impractical.

For each hourly time step, HOMER calculates available renewable power and compares it to the
electric load. Also every hour, HOMER decides what to do with surplus renewable energy when it
exceeds load requirement, or how much to purchase from the grid in times of energy deficit. After
a whole year of these one hour time step simulations, HOMER assesses whether the user defined

constraints and conditions, if any, have been satisfied.

Finally, the total life-cycle cost, or net present cost (NPC) is calculated for this system using
all costing information particular to the simulation’s energy setup. The NPC is the present value
of all the costs, including capitals costs, replacement costs, operation and management costs, fuel
costs, emission penalties and costs of buying power from the grid over the project lifetime. Total

pollutant emissions are also calculated for the whole project length.

Optimisation

Having described the process behind a single simulation, the next stage is to perform multiple
simulations which aim to approach an optimum setup solution, this is done by optimisation. Opti-
misation of chosen system configurations is performed by minimisation of the objective function with
respect to the boundaries and constraints. The objective function is the net present cost (NPC),
which includes all costs combined throughout the chosen duration of the project, in this case 15
years. The boundaries and constraints include load requirement, hourly availability of wind and
solar power for the chosen geographical site, and charging and discharging capacity of lithium ion

batteries, for example.

The finding of the optimal system involves choosing what mix of components it will contain. For
this project these are PV panels, wind turbines, lithium ion batteries, biofuel CHP and grid electric-
ity. Optimisation considers the quantity of each component and the overall set of rules governing
how the system operates. During optimisation, HOMER simulates multiple systems, presenting the
feasible system with the lowest NPC as the optimal system. Infeasible cases which do not meet
any user constraints are discarded. Other feasible but more expensive systems than the optimal

system are also presented, this allows the user to present an alternative system from the lowest
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cost one, which may be desirable if, for example, the cost is only slightly higher while emissions are

significantly lower.

Sensitivity Analysis

Sensitivity analysis builds on the optimisation process and assesses the sensitivity of optimisation
under changes in chosen variables, by performing multiple optimisations under different values of
chosen sensitivity variables. This tells the user how sensitive output variables (such as NPC and
pollutant emission levels) are to changes in chosen sensitivity inputs (such as grid power price, fuel

price and interest rates).

If there is uncertainty in one or more input variables in a user’s system, sensitivity analysis can
be very beneficial. It may be the case in some systems for example that an optimal system with
lowest NPC could be very sensitive to changes in a volatile and unpredictable variable. It could
therefore be better to choose a slightly more expensive option than the lowest cost optimisation,
but with more stability under possible differences of input values to the predicted ones entered into
HOMER. Beyond uncertainty, one could also use sensitivity analysis to determine at what fuel and

electricity prices a certain technology (for example fuel cells) competes with alternatives.

6.2.2 System Setup

In this project’s simulations, some real tariff prices of the UK grid were introduced to the desired
system in HOMER as shown in Figure 53, these were the same prices as the ones used earlier in
section 4 of the thesis. Throughout all of the following simulations in all systems, capital costs cal-
culated for lighting are entered as well as the estimated load throughout a year. All power supplied
to the lights was in DC form, using a market converter with competitive efficiency (between 90-95%)

to convert the AC from grid supply and wind turbines, to DC.
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Figure 53: Hourly energy tariffs monthly for grid electricity from a UK energy company (10/2020),

entered into HOMER simulations.

From section 4, using optimal light recipe for strawberry growth from the literature [86] and efficient
Osram LED bulbs, the power demand was calculated to be 13.59 kW for the UoR case study system,

2. This power is therefore used as the power requirement for

with a calculated grow area of 36 m
simulations in HOMER  for the small system size equal to the UoR system. Hourly and monthly
loads can be inputted into HOMER, so the base 13.59 kW was entered for 16 hour photo-periods
which made sure to overlap the daylight hours of each month, while where possible avoiding peak

hour energy prices. Also, the dimming strategy from section 4 was also incorporated, as can be seen

from the varied seasonal load profile in Figure 51 where less lighting is needed in summer months.

For later simulations involving larger systems, the same setup i.e. spatial density of plants &
lights and the same row spacing as in the UoR system (from Figure 28) was used when scaling up
to one hectare. The total growing area, number of LEDs required (and therefore the total price of
LEDs), the power required for the lighting and the length (and cost) of cable required could then

be calculated to be:

Growth area: 5962 m?

Lighting power required: 2252 kW

LEDs cost: £790k

Cable cost: £420k
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For the two hectare system, the setup and input conditions for simulations were based on the one

hectare system, so the power requirement, number of lights and cabling etc. was simply doubled:

e Growth area: 11,924 m?

e Lighting power required: 4504 kW
e LEDs cost: £1580k

e Cable cost: £840k

For the biomass CHP simulations in the final section of this chapter, an extra power demand was
added in order to provide energy for heating and cooling as well as for the lighting, despite this
project’s focus being on lighting alone. It would indeed be possible to investigate incorporation of
biomass for lighting solely and keep the power demand the same as in other simulations. However,
biomass cogeneration has much higher efficiency when there is a thermal load as well as an electrical
load. Given that any artificially lit CEA system in the UK would require heating and cooling
throughout the year, it seems that including a heating and cooling power demand in simulations
involving biomass would be more worthwhile. Energy demand for heating and cooling is typically
estimated at around 40% of the total power consumption for artificially lit CEA facilities. Therefore,
the total power requirement was scaled up appropriately from the other power demands calculated

for the one hectare and two hectare systems without heating and cooling.

6.3 Results & Discussion
6.3.1 University of Reading System Model

From Figures 54-57 in the case of the UoR modelled system, it is clear that the best system for
cost is a grid connected system with wind, PV and batteries installed. This gives the lowest cost,
but also with relatively low emissions. Importantly, comparing Figure 54 to Figure 56, simulations
calculate the grid, wind, PV and battery system to be cheaper, both the NPC and levelised cost of
electricity (LCOE) values. Part of the cost saving comes from extra renewable energy generated and
sold to the grid. From Figure 56, the grid purchases can be seen as 26,761 kWh/yr, but throughout
the year 25,452 kWh/yr is sold back, meaning a low net grid energy purchased of 1,308 kWh/yr.

Note, the monthly profile information for grid purchase and sell-back is detailed in the appendix
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(see Figure A.13). There is also a significant reduction in CO4 emissions (41% reduction) compared

with the sole grid supplied system (compare Figure 55 to Figure 54).

Figure 54: Power setup schematic, emissions data, monthly electric production, NPC and LCOE

for the grid connected UoR case study sized system.

Figure 55: Power setup schematic and emissions data for the grid connected wind, PV and battery

UoR case study sized system.

102



Figure 56: Yearly and monthly electric production by energy source, NPC, LCOE and operating

costs for the grid connected wind, PV and battery UoR case study sized system.

Regarding the other feasible system configurations, the grid system with only PV also gives a com-
petitive cost, graphic information of this is displayed in the appendix (Figures A.7 - A.9). This
is firstly because PV produces DC electricity which is suitable for LED supply. Secondly, as grid
prices are higher during the peak hours of the day and with LEDs having to work during peak times
during summer (as discussed in the previous section), PV can supply electricity to the LEDs during
the more expensive grid hours in the summer as it coincides with the times the PV panels produce
significant amounts of electricity, thus saving on cost. PV also gives an even bigger CO5 emission

reduction (than the lowest cost system) of 45.5%.

For a system that is completely off-grid (Figure 57), the cost is high relative to the other feasi-
ble scenarios presented, both in the LCOE and the total NPC. However, emissions are zero, and
there is no reliance on grid supply. This setup would therefore suit a project with a primary focus
of environmental impact rather than cost. Information on the battery state of charge, PV power

output and wind power output throughout the year can be found in the appendix (Figure A.14).
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Figure 57: Power setup schematic, emissions data, monthly electric production, NPC and LCOE

for the off-grid wind, PV and battery UoR case study sized system.

A comparison of total NPC, LCOE and CO5 emissions for each optimised setup is given in Table
13, where results from an optimised grid connected PV & battery system and a grid connected wind
& battery system are also included. More detailed results from these simulations can be found in

the appendix (Figures A.7-A.12).

Table 13: Comparison of HOMER, optimisation results for cost and emissions, between the pure

grid supplied case and renewable cases for the case study UoR system.

Case NPC (£) LCOE (£) CO2 Emissions (kg/yr)
Grid 115,720.80 0.1779 20,996

Grid + PV + Battery 114,970.10 0.1554 13,088

Grid + Wind + Battery 107,282.20 0.1329 12,280

Grid + Wind + PV + Battery 103,239.10 0.1119 8296

Wind + PV + Battery 268,109.20 0.4122 0
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6.3.2 One Hectare System

After assessing different renewable power setups for the University of Reading case study strawberry
growing facility, which is a relatively small system, a larger system is now considered separately for
optimisation as the optimal power setup is likely to differ for systems of different sizes and scales.
Conditions and input values for scaling up to the larger one hectare system were calculated as
detailed in the methodology section. With these values determined, optimisations for various re-
newable power setups, both on and off-grid were done in the same way as for the small case study

system.

Results from these optimisations are shown in Figures 58-63. Note that in each simulation, an
added initial capital cost of £1m is included in the system to account for cables, installation costs
and any other extra costs related to the power system’s installation which have not explicitly been
accounted for. The cost of LEDs (shown above) is not included directly in the optimisation results
as it is the load and not linked with the power system or energy distribution itself. Setup schematic,
emissions data, monthly energy consumption and total cost can be seen in the case of the sole grid

connected one hectare system in Figure 58.
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Figure 58: Power setup schematic, emissions data, monthly electric production, NPC, LCOE and

operating cost for the grid connected one hectare system.

The power setup schematic and emissions data is shown for the grid connected wind and battery
one hectare system in Figure 59. In Figure 60 the monthly electricity production, total cost, yearly
operating cost (cost per year discounting initial investment), levelised cost of electricity and yearly
wind electricity production and grid energy purchase is shown. Overall, this power system comprised
of grid, wind and batteries performs best, with moderate COy emissions and the lowest LCOE and
NPC from all other systems. Also, as for the equivalent smaller UoR system case, there is some
grid sell-back in times where the renewables are able to produce more electricity than is needed
for consumption or storage. The total annual grid purchases are shown in Figure 60 as 8,112,332
kWh/yr, but there is also 3,328,361 kWh/yr sold back to the grid, meaning a net energy purchase
of 4,783,971 kWh/yr. Monthly data on energy purchase and sell-back is detailed in the appendix
(see Figure A.19).
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Figure 59: Power setup schematic and emissions data for the grid connected wind and battery one

hectare system.

Figure 60: Yearly and monthly electric production by energy source, NPC, LCOE and operating

costs for the grid connected wind and battery one hectare system.

More detailed economic analysis is shown in Figure 61, where the cost of the system is shown from
the beginning to the end of the 15 years, with the initial capital cost being the intercept of the x
axis and the gradient being the cost per year. From this graph’s intercept between the two lines,

the return on investment (ROI) time is shown (relative to the purely grid powered case).
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Figure 61: Economic analysis of the grid connected wind and battery one hectare system in com-

parison to the base grid system throughout the 15 year project length.

For a completely off-grid one hectare system using PV, wind and batteries, Figure 62 shows the
power schematic, emissions data and energy production per year by PV and wind. The energy
production per month breakdown and total cost, LCOE and operating cost can be seen in Figure
63. Although the grid connected wind and battery was deemed best overall, if instead carbon
footprint reduction is valued above cost saving, then this off-grid PV, wind and battery system
is best. The off-grid system has zero emissions, but a very high NPC due to the installed power
requirement for the initial capital investment. However, this means that if the project time were
to exceed the 15 year project length in this work, then the overall cost would begin to become
comparable to the other cheaper grid connected scenarios. Battery charge profile data throughout

the year is detailed in the appendix (see Figure A.23).
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Figure 62: Power setup schematic, emissions data and yearly energy production by source for the

off-grid wind, PV and battery one hectare system.

Figure 63: Monthly electric production by energy source, NPC, LCOE and operating costs for the

off-grid wind, PV and battery one hectare system.

Results from the key setup optimisations have been directly included in this section, but more setup

configurations were also optimised and the graphs from these systems can be seen in the appendix.

The key results of all optimisations are summarised in Table 14.
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Table 14: Comparison of HOMER simulation results for cost and emissions in the case of the one

hectare system.

Case NPC (£) LCOE (£) CO2 Emissions (kg/yr)
Crid 28,456,730 0.1575 3,771,667

Grid + PV + Battery 27,931,650 0.1340 2,666,750

Grid + Wind + Battery 22,316,150 0.0901 2,514,823

Grid + Wind + PV + Battery 22,823,450 0.1151 2,650,909

Wind + PV + Battery 46,364,640 0.2567 0

If the results for the small UoR system are compared to their equivalent optimised configuration in

the one hectare system, differences can be seen in the most suitable renewable setups for small and

large greenhouses using LEDs. This comparison is shown quantitatively in Table 15.

Table 15: Comparison of HOMER simulation results for the small UoR system and the larger one

hectare system. Where each result’s value is shown as a fraction of the solely grid connected (GC)

case for the associated system size.

Case NPC/GC LCOE/GC CO3 Emissions/GC
UoR System

Grid + PV + Battery 0.99 0.87 0.62
Grid + Wind + Battery 0.93 0.75 0.58
Grid + Wind + PV + Battery 0.89 0.61 0.39
Wind + PV + Battery 2.32 2.32 0
One Hectare System

Grid 4+ PV + Battery 0.98 0.85 0.71
Grid + Wind + Battery 0.78 0.56 0.66
Grid + Wind + PV + Battery 0.80 0.73 0.70
Wind + PV + Battery 1.63 1.63 0

For the UoR system size, the grid with wind, PV and battery is the best system, with the grid,

wind and battery system being slightly more expensive and having higher emissions. As the system

size increases from the UoR system to the one hectare system, the preferred system becomes grid

connected with wind and batteries, without PV, for the larger system. Wind energy seems the more

prevalent renewable in both system sizes, but particularly so in the one hectare system.
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6.3.3 Two Hectare System

The results of simulations for the two hectare case would not necessarily simply scale up directly
from the one hectare case, because the efficiency, cost and practicality of different renewable gen-
eration technologies varies at different scales. Figure 64 shows the two hectare system for a grid
connected system with no integrated renewable technologies. As this is grid only, the costs have

effectively doubled from the one hectare case.

Figure 64: Power setup schematic, emissions data, monthly electric production, NPC, LCOE and

operating cost for the grid connected two hectare system.

For the two hectare system simulations, setups with PV were not considered, this is because as
discussed previously, PV becomes less favourable when scaling up from the small UoR system, to
the one hectare system. PV also contributes fractionally less to the energy production in simula-
tions for the one hectare case than in the UoR system case, further suggesting that it does not scale
as well as wind. This is not surprising given that the efficiency of PV does not increase at larger
scales, but wind turbines can due to choice of a larger capacity turbine in place of multiple lower
efficiency smaller turbines. Beyond these reasons, if PV were to have a large share of the energy

production for a two hectare or larger system, the space the PV panels would require itself would
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be significantly higher than the space required for wind turbines.

Results from the most favourable system setup are displayed in Figure 65 with wind turbines and
batteries connected to the grid showing a far more cost effective and low emission case than for solely
grid connected. Also, as for the smaller systems, there is significant grid sell-back. The total annual
grid purchases are 14,730,676 kWh/yr, with 6,454,144 kWh/yr sold back to the grid, meaning a net
energy purchase of 8,276,531 kWh/yr. Monthly and daily data on energy purchase and sell-back is
detailed in the appendix (see Figure A.24), where it can be seen that there is significant sell-back
particularly during the night in winter when turbines are generating electricity while no electric load

is needed.

Figure 65: Power setup schematic, emissions data, monthly electric production, NPC, LCOE and

operating cost for the grid connected wind and battery two hectare system.

If a comparison is made between the best systems of all sizes, i.e. of the small UoR system, the
one hectare system and the two hectare system, differences can be seen in the cost effectiveness
and emissions reductions at different scales. Comparison information is displayed in Table 16. As

realised previously in Table 15, the smaller scale UoR system favours inclusion of grid, wind, PV
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and battery, but at larger scales, wind without PV dominates. Quantitatively from Table 16, we
see that when scaling up from one hectare to two hectares, NPC, LCOE and CO5 emissions are all
reduced relative to their sole grid connected base case. This means that the larger the system is, the
higher the proportional cost saving and emissions cutting the system has under a wind and battery
enhanced CEA system. The only value in Table 16 that does not fit the trend of improvement at
larger scale is the COq emission reduction relative to the sole grid connected for the UoR sized
system, which is 0.39, lower than both the one hectare system (0.66) and the two hectare system
(0.61). This apparent anomaly is probably because the system is small enough to effectively incor-
porate both PV and wind, such that grid purchases only account for less than 30% of the energy
used. The larger systems take around half of their energy from the grid and half from wind, none

from PV as it does not scale up as well as wind.

Table 16: Comparison of HOMER simulation results for the optimal power setups for the UoR case
study system, the one hectare system and the two hectare system. Where each result’s value is

shown as a fraction of the solely grid connected (GC) case for the associated system size.

Case NPC/GC LCOE/GC CO2 Emissions/GC

Reading System
Grid + Wind + PV + Battery 0.89 0.61 0.39

One Hectare System
Grid + Wind + Battery 0.78 0.56 0.66

Two Hectare System
Grid + Wind + Battery 0.68 0.52 0.61

6.3.4 Biomass CHP Incorporation

The following simulations involve biomass CHP energy and include an added thermal load, as dis-
cussed in the methodology, to the existing electrical lighting load in order to assess the performance

of biomass CHP in large one hectare and two hectares systems where cogeneration may be feasible.

For the previously investigated one hectare system with a purely electrical load and no biomass
CHP, the most favourable setup involved a grid connected system with wind turbines and batteries.

In the one hectare biomass CHP simulation therefore, the biomass CHP is integrated and added to
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this system, with the 40% extra thermal load to account for the heating and cooling.

Two optimisations have been performed for the one hectare case using biomass CHP. They are
identical in load and renewable setup, the difference is in the choice of biogas. HOMER has two
preset biogas fuel options, one of which has a higher calorific value, but at the expense of being more
greenhouse gas emitting. The other being more environmentally friendly, but less energy efficient,

details of both are given in Table 17.

Table 17: Comparison of properties of the available biogas resources in the HOMER software.

Properties Biogas 1 Biogas 2
Lower Heating Value (MJ/kg): 5.50 45.00
Density (kg/m?) 0.72 0.79
Carbon Content (%) 2.00 67.00
Sulfur Content (%) 0.00 0.00

Note also that a primary argument for the sustainability of biomass energy production is that
although energy production emits COsq, it is argued that the biomass would have emitted these
gases whether it is used or not (in the case of agricultural waste biomass). For the case of biomass
retrieved from forest wood, it is argued that any CO; released in the burning of the wood is re-
plenished by regrowth of the replanted tree in the sustainable forest from which the tree wood was
sourced. Therefore, the emissions data from these simulations which does not account for this point

are possibly an overestimate of the real emissions for the supposed system.

The results in Figure 66 show that in the case of biogas 1, using biomass CHP technology for
cogeneration alongside grid, wind and batteries yields a relatively low carbon footprint. The emis-
sions are more than one million kg/yr of carbon dioxide and nearly one hundred thousand kg/yr
of nitrogen oxides, but this is not so high when compared to the common values in the previous
section (Table 14) which were mostly above two million kg/yr. Also, accounting for the fact that
the CHP system has a 67% higher energy demand due to accounting for heating and cooling as well

as lighting, the carbon emissions are low.
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Figure 66: Power setup schematic, emissions data and yearly electric production by source for the

grid connected biomass CHP, wind and battery one hectare system with biogas 1.

Regarding cost, although the NPC seems high for the lower emitting biogas 1 system, the CHP cases
represent a more comprehensive scenario where power can be supplied mostly on-site, purchasing
additional power for heating/cooling from grid for other cases would increase the NPC considerably.
In Figure 67, the total cost, LCOE and operating costs are shown, as well as the monthly energy
production in terms of production source. From the monthly production graph it is clear that
majority of the energy is coming from renewable production and only supplemented by the grid.
Further economic information is given in Figure 68, where if compared to a purely grid supplied
system with the same power demand, the biomass CHP, wind and battery case although requir-

ing more initial capital, is far cheaper over the 15 year project time, with a payback time of 7.1 years.
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Figure 67: Monthly electric production by energy source, NPC, LCOE and operating costs for the

grid connected biomass CHP, wind and battery one hectare system with biogas 1.

Figure 68: Economic analysis of the grid connected biomass CHP, wind and battery one hectare

system with biogas 1 in comparison to the base grid system throughout the 15 year project length.

From Table 18 there is quite a significant difference between the optimisation results for the two
preset biogas options on HOMER. Though biogas 2 yields a less costly system, it is at the expense
of much higher emissions. It is for that reason that for the following biomass CHP simulation in a
two hectare system, the less emitting biogas 1 was chosen. Graphs from the simulation of the same

system with biogas 2 can be seen in the appendix (see Figures A.26-A.28).
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Table 18: Comparison of HOMER simulation results for cost and emissions in the case of the one

hectare system.

Case NPC (£) LCOE (£) CO2 Emissions (kg/yr)
Biogas 1 33,207,300 0.07583 1,198,549
Biogas 2 21,200,140 0.03186 10,991,759

Similarly to the one hectare case, a simulation which allows for integration of a biomass CHP system
was considered for a two hectare system, this was based on the optimal system without biomass,
which includes a grid connected system with wind turbines and batteries. Again, this includes an
added thermal load in comparison to the non-CHP systems, which must be considered when com-

paring cost and emissions results from both.

Figure 69 shows the power schematic, emissions data and yearly electric production by source
for the optimised grid connected biomass CHP, wind and battery two hectare system. The monthly
breakdown for electric production along with total cost, LCOE and operating costs are shown in
Figure 70. Grid use in this configuration is very low but still present. Given that HOMER optimises
cost with respect to variation in production share of wind, CHP and grid electricity, the fact that

the optimum scenario involves little grid share suggests that renewables are much more cost efficient.
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Figure 69: Power setup schematic, emissions data and yearly electric production by source for the

grid connected biomass CHP, wind and battery two hectare system.

Figure 70: Monthly electric production by energy source, NPC, LCOE and operating costs for the

grid connected biomass CHP, wind and battery two hectare system.

If one compares the cost difference between this case and the sole grid case, as shown in Figure
71, it is clear that again (as for previous systems in this chapter) the initial cost is higher for the

renewable case, but when considering the whole project cost the renewable system is much cheaper.
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The payback time is only 5.1 years in this case with a return on investment of 12.9%. Overall, not
only is the cost significantly cheaper, but also the emissions and environmental footprint is much

lower than for a solely grid supplied system.

Figure 71: Economic analysis of the grid connected biomass CHP, wind and battery two hectare

system in comparison to the base grid system throughout the 15 year project length.

6.4 Section Summary

The other sections in the project have assessed strategies to reduce energy consumption while main-
taining optimal plant growth. This section has aimed instead to evaluate and compare different
renewable energy supply options in order to try and lower the system’s carbon footprint and cost,

in comparison to a solely grid supplied system.

The HOMER software has been used to simulate different renewable grid and off-grid power supply
systems, both for the case study strawberry growing system in section 4 and for scaled up one and
two hectare systems based on the case study system (i.e. vertical greenhouses with supplemental
LED lighting). Various combinations of grid, wind and solar energy coupled with lithium ion bat-

teries were considered to supply the electricity for the lighting of the greenhouse.

For a small system based on the UoR case study, a grid connected setup with wind, PV and
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batteries gave the optimum cost with high emission cuts. Compared to the solely grid supplied
system, the total NPC was 89%, LCOE was 61% and CO, emissions were 39%. For the one hectare
system, a grid connected setup with wind and batteries was optimum, with 78% of the NPC, 56%
of the LCOE and 66% of the CO, emissions compared with a solely grid supplied setup. For the
two hectare system, a grid connected setup with wind generation and batteries gave 68% NPC, 52%

LCOE and 61% CO4 emissions compared with a solely grid supplied setup.

Following on from these results, biomass CHP has been considered, to benefit fully from the high
efficiency potential of cogeneration and utilise likely biomass resources on a CEA crop growing fa-
cility. Extra power demand (thermal) was introduced to the greenhouse system to account for the
heating/cooling power required on top of the lighting power. Considering two different biogases for
a one hectare system, integration of biomass CHP with grid, wind and batteries gave favourable
results in both cases, compared to a solely grid supplied system. Biogas 1 was chosen moving for-
ward to a two hectare system, due to its much lower emission data, and despite being more costly
than biogas 2, it still gave a much lower cost than the pure grid supplied equivalent system. This
was the case for both the one and two hectare systems, but with the two hectare system benefiting

more from the use of biomass CHP.
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7 Concluding Remarks & Future Work

7.1 Summary

Firstly, an LED lit Little Gem lettuce growing experiment was designed and built from scratch in
order to test the effectiveness of various spectral compositions on the growth of Little Gem lettuce,
finding that (similarly to the literature on other lettuce variants) a mixture of blue & red light gives
the best yield after 21 days. Boards with only blue light also gave crops with good leaf shape and
colour as well as reasonably high weight. The purely red board gave the third biggest yield by
weight, but shoots were too long and leaf width was low. The purely green LED board and the

greenhouse reference tray gave the weakest growth results.

Neural network analysis on LED lighting for lettuce was then investigated. A series of data sets
from various literature on lettuce growth using LEDs was collected and normalised such that the
data w==u1aximally compatible. A deep neural network was then fit to the data using MATLAB’s
neural network tool to test performance. Fitting results show that there is a general tendency for
the neural network to fit to the target data, with an R value of around 0.8 for all data sets and
an error histogram which is significantly better than one which would represent random prediction
data. There is however significant variation in the error, with some large errors in neural network
predicted vs target data. This was thought to be due to the incoherence between the different
studies in the literature. Not only were many of the studies looking at different varieties of lettuce,
but they also had different experimental conditions and approaches beyond the lighting input data.
As Ozawa et al. stated in their work comparing two studies with very similar conditions two years
apart, there was significant difference in output data even in identical lighting conditions for the
same crop [85]. Overall, it seems that though neural networks could prove to be very useful for
this application, the difficulty comes when collating data from different studies. If enough data on
growth of a species under several LED light recipes was available from a single source with identical
experimental conditions and procedure, fitting of data using neural networks could potentially give

considerably better results.

Next, a model system was built based on the three vertical tier LED lit strawberry growing fa-
cility at the University of Reading. A series of the following CEA power saving considerations were

investigated in a simplified conservative approach to be combined and quantitatively analysed for
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energy saving potential:

1. Careful choice of the most efficient LED devices available for setup. For the UoR system used

as a case study the newest Osram lights were compared to the currently used Sulis LED boards:

Calculated Energy Saving: 14%

2. Energy saving from appropriate choice of the spectral recipes based on the literature. A com-
parison of purely white Osram LED boards vs an optimal (for strawberries) [86] red/blue/white

mixture with the same PPFD output value gives:
Calculated Energy Saving: 21%

3. Calculations based on dimming LED boards during sunlight hours on clear days where appro-

priate for a 3-tiered greenhouse as at the UoR gives:

Calculated Energy Saving: 8%

4. DC rectifier use in place of AC could increase efficiency. Additionally, it would be less prone
to faults since there are fewer components and would therefore increase the average lifetime
of modules (this point forms the basis of the work in section 5, where further investigation of

this is looked at).
Estimated Energy Saving: 10%

5. Operating LEDs at half the forward current increases power output efficiency and also lowers
LED junction temperature and therefore increase lifetime, while making the modules more
compact by reducing heat-sink requirements; so higher investment of LED number is balanced

by energy saving and increased time before replacement.
Estimated Energy Saving: 6%

These savings have been calculated to give a significant combined total estimated energy savings of
approximately 47% when compared with a system which does not employ any of the energy saving

methods investigated.
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In section 5, power distribution to lighting setup was considered. Arguments for DC grid sup-
ply in place of AC grid supply to LEDs were discussed, referring to existing literature on other DC
grid application areas and electricity savings. Schematics of a DC based greenhouse system were
discussed followed by modelling of both DC-DC buck converter and rectifier coupled with buck
converter in MATLAB Simulink.

In section 6, the HOMER software was used to find optimum power generation setups involving a
variety of renewable options, with and without grid connection, for a UK LED CEA facility. System
input load requirements were calculated based on the UoR case study from section 4, energy cost
tariffs taken from a UK energy company and installation costs along with different grid connected
and off-grid supply setup regimes realised from the HOMER software. Energy production, use and
storage information was calculated using the software, it was then optimised by varying the share of
power production from different technologies in order to minimise overall cost while meeting power
demand. Net present cost and cost of electricity was calculated, as was emissions data. This process
was done for three system sizes: a small system the size of the UoR case study system, then a scaled

up one hectare system, then a two hectare system.

Optimisation results show that a grid connected system with wind turbines, PV and lithium ion
batteries installed would be the cheapest and most environmentally sustainable option for a small
system comparable in size with the UoR case study system, offering an 11% saving on NPC and
a 61% saving on COs emissions. For larger systems, wind energy becomes dominant, with a grid
connected wind turbine system being the overall favourable setup, offering a 22% saving on NPC
and a 34% saving on COs emissions in the case of the one hectare system. For the case of the
larger two hectare system, the wind and battery grid system offered a 32% saving on NPC and
39% saving on CO, emissions relative to a conventional grid powered system. In all of the optimal
setups, initial investment is higher than for the standard grid case, but within the lifetime of the
project, the lowered operating costs render the project less expensive overall, with an associated
simple payback time (yr) as seen in this section’s figures. This combined with the large emission
decreases means that for LED CEA systems in the UK, small and large, integration with renewables

cuts both cost and emissions, requiring only a higher initial investment.
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Lastly, biomass CHP was considered as an extra renewable technology on top of the ones pre-
viously included in optimisations, with an extra thermal load added accounting for the heating and
cooling of the greenhouse. Optimisations were performed with a one hectare system using two preset
biogas options from the HOMER software, both of which gave lower cost and emissions than a purely
grid supplied case. Biogas 1 was chosen to progress to a two hectare system, as the emissions were
significantly lower than for biogas 2, where the cost was proportionally less high. Results for these
optimisations show that biomass CHP systems could cut costs and emissions by utilising available
waste biomass on site. They also show that as the system size increases, the cost effectiveness does
as well; large biomass CHP, wind, battery and grid LED lit and heated and cooled CEA systems
in the UK are significantly more cost effective and environmentally friendly than conventional grid

supplied systems.

7.2 Future Work

Regarding future work, there are many potential avenues which could be explored based on this
project’s topics. Firstly, regarding the Little Gem lettuce growth experiments, as discussed in sec-
tion 2.3.3, if a future experiment were to take place, a much higher level of resources would be
needed in order to generate high amounts of good quality reliable data on spectral response of Little
Gem lettuce. A significantly higher number of LED boards should be tested, and all including some
levels of both red and blue light. These should use a higher performance LED such as the Osram
bulbs discussed and also PPFD data should be available at the beginning of the experiment and
boards designed with enough lights on them to supply an ideal level of PPFD. Experiments should
also operate within an environment with optimised COs concentration, humidity and temperature
so that crop growth from spectral response is not in any way impeded by lack of ideal conditions
outside lighting. In terms of output variables measured, more devices could be used to measure

more quantities, which could be useful for modelling in neural networks.

Secondly, as concluded in section 3, there needs to be a much larger data set from experiments
with identical conditions (aside from lighting) in order for deep neural networks to potentially work.
If this can be either supplied by potential prospective experimental collaborators or generated from
future experiments as detailed in the previous paragraph, then the same methodology could be

better tested in order to evaluate the feasibility of deep neural networks for predicting optimal LED

124



light recipes for maximum yield.

In terms of expanding on the work in section 4, more technical analysis of a holistic approach
to energy saving in LED CEA systems could be conducted. This would be similar to the work in
section 4, but instead of a small number of strategies considered with simplified and generally con-
servative estimates for energy saving being predicted and combined, a more in depth quantitative
analysis of the literature could be considered to give a more accurate and ambitious estimate of
the combined energy saving potential. For example, this could include real-time modelling of adap-
tive LED light dimming with sunlight. It could also include experimental measurement of efficacy
vs forward current for chosen LED bulbs, in order to gain insight on optimal operating current.
Investigating the use of the Trace Pro software to model reflectors to maximise light received by
the plant surface could be done. Methods such as pulsing light to save energy whilst maintaining
optimal yield could also be considered. There are a significant number of these individual energy

saving strategies, many of which could theoretically be incorporated simultaneously.

Modelling of AC-DC rectifier and DC-DC converter in MATLAB Simulink from section 5 could
be completed, and power losses and energy efficiency calculated and compared with the standard
AC grid LED system case. These simulated devices can then be incorporated directly into HOMER
simulations to model energy consumption and cost for various different DC grid setups. These could
also incorporate the other discussed energy saving strategies to combine and give total energy saving

analysis incorporating all sections of this work.

Finally, regarding section 6, the same methodology using HOMER could be applied to different geo-
graphical areas of interest and case study candidate systems. Additionally, if information and power
saving/optimisation techniques gathered in the future work from other sections was incorporated
once conducted, the updated load profile and initial-cost implications could give new simulation
results which would reflect a more all encompassing indication of how low energy consumption and

greenhouse gas emissions could potentially be for high performance LED lit CEA systems.
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A Appendix

A.1 Neural Networks

Table 19: Table for all normalised light input and plant output data used in the neural network

development and testing.
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A.2 Power Distribution to Lighting Setup - DC vs. AC

Figure A.1: Current vs time and Voltage vs time graph for the buck DC-DC converter.

Figure A.2: Current vs time and Voltage vs time graph for the single phase rectifier and buck

converter.
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Figure A.3: Rectifier inputs, control signals, output.
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Figure A.4: Current vs time and Voltage vs time graph for the three phase rectifier and buck

converter.
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Figure A.5: Line to line, phase and Oljllgl%ut voltage of the three phase rectifier.



Figure A.6: Thyristor gate pulses for the three phase rectifier with buck converter.
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A.3 Modelling Renewable Technology Integration into LED lit CEA sys-

tems

Figure A.7: Power setup schematic and emissions data for the grid connected PV and battery UoR

case study sized system.

Figure A.8: Yearly and monthly electric production by energy source, NPC, LCOE and operating

costs for the grid connected PV and battery UoR case study sized system.
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Figure A.9: Grid energy purchase and sell back information for the grid connected PV and battery

UoR case study sized system.

Figure A.10: Power setup schematic and emissions data for the grid connected wind and battery

UoR case study sized system.
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Figure A.11: Yearly and monthly electric production by energy source, NPC, LCOE and operating

costs for the grid connected wind and battery UoR case study sized system.

Figure A.12: Grid energy purchase and sell back information for the grid connected wind and battery

UoR case study sized system.
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Figure A.13: Grid energy purchase and sell back information for the grid connected wind, PV and

battery UoR case study sized system.
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Figure A.14: Battery state of charge, PV power output and wind power output throughout the year

for the off-grid wind, PV and battery UoR case study sized system.
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Figure A.15: Power setup schematic and emissions data for the grid connected PV and battery one

hectare system.

Figure A.16: Yearly and monthly electric production by energy source, NPC, LCOE and operating

costs for the grid connected PV and battery one hectare system.
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Figure A.17: Economic analysis of the grid connected PV and battery one hectare system in com-

parison to the base grid system throughout the 15 year project length.

Figure A.18: Grid energy purchase and sell back information for the grid connected PV and battery

one hectare system.
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Figure A.19: Grid energy purchase and sell back information for the grid connected wind and battery

one hectare system.

Figure A.20: Power setup schematic, emissions data and yearly energy production by source for the

grid connected wind, PV and battery one hectare system.
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Figure A.21: Monthly electric production by energy source, NPC, LCOE and operating costs for

the grid connected wind, PV and battery one hectare system.

Figure A.22: Economic analysis of the grid connected wind turbine, PV and battery one hectare

system in comparison to the base grid system throughout the 15 year project length.
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Figure A.23: Battery charge data for the off-grid wind turbine, PV and battery one hectare system.

Figure A.24: Grid energy purchase and sell back information for the grid connected wind and battery

two hectare system.
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Figure A.25: Grid energy purchase and sell back information for the grid connected biomass CHP,

wind and battery two hectare system with biogas 1.

Figure A.26: Power setup schematic, emissions data and yearly electric production by source for

the grid connected biomass CHP, wind and battery one hectare system with biogas 2.
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Figure A.27: Monthly electric production by energy source, NPC, LCOE and operating costs for

the grid connected biomass CHP, wind and battery one hectare system with biogas 2.

Figure A.28: Grid energy purchase and sell back information for the grid connected biomass CHP,

wind and battery two hectare system with biogas 2.
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Figure A.29: Grid energy purchase and sell back information for the grid connected biomass CHP,

wind and battery two hectare system.
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