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ABSTRACT

Vertical Farm (VF) control systems can be designed so that they automatically adjust

environmental conditions to minimize operational costs.  To make this possible, the traditional

environmental control sensors for measuring the aerial and root zone environments must be

supplemented with sensors that integrate crop specific information, such as crop biomass (or a

proxy for biomass) in real time.  The system can then use a dynamic growth model to make

predictions about how the crop should grow along with the sensors which measure how biomass

is developing in reality.  Together, these sensors and model allow a control system to create a

feedback loop which can correct for deviation in the estimated biomass.  Environmental

conditions such as air temperature, carbon dioxide (CO2) concentration, and light intensity must

then be monitored and can be varied to optimize the final harvest mass, product quality, and

harvest time.  More importantly to costs, these inputs can be interchanged in a dynamic control

strategy to optimize resource use and minimize costs.  For example, in many cases increased CO2

can take the place of increased light in order to improve yield at a lower expense.  Also, periods

where costs are predicted to be more expensive, such as hotter times of day or peak-energy

hours, can be avoided, and any observed or predicted loss of growth due reduced inputs at peak

times can be made up for at later times.

This research evaluated the viability of using computer vision to measure Top Projected Canopy

Area (TPCA) as a proxy for biomass and its suitability as a feedback mechanism, and it also

validated and modified, for the vertical farm setting, a crop-biomass-prediction model originally

developed for greenhouse use.  Together, these tools can be used in a feedback based control

system to form a decision support tool for optimizing resource use efficiency in VFs.  The model

was validated against experimental results from several cultivars of lettuce grown in a VF.  With

these tools, various hypothetical scenarios were conceived to explore the model's ability to

predict and potentially co-optimize CO2 concentration vs light intensity and to evaluate its

potential for saving electrical energy and associated expenses.  Future research should build upon

this foundation to develop a real-time Reinforcement Learning (or other machine learning) based
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approach to decide upon the best sequence of future environmental conditions needed, on a

moment by moment basis, in order to optimize resource use for each growing crop.  The results

of this study showed that for lettuce (and possibly leafy greens in general) while TPCA is a good

indicator of crop maturity (prior to canopy closure), it can only be an accurate predictor of crop

biomass after a calibration function is applied across the spectrum of possible setpoints of light

intensity and CO2 concentration.  This is because the rate of leaf expansion varies slightly with

environmental conditions, especially light intensity and light spectrum, and, thus, plants’ TPCA

expands at different rates for different environments.  Further research can characterize the

difference in expansion at various intensities and spectrums.  The predictive model used in this

research was improved and validated for 3 cultivars of lettuce at values of light intensity ranging

from 11.6 to 14.4 mol m-2 day-1 DLI and CO2 levels ranging from 400 to 900 ppm for air

temperatures between 19-23 °C.  More importantly for dynamic control, the model was validated

across a simple set of time varying setpoint conditions for CO2.  This validation experiment also

demonstrated that the efficiency of CO2 utilization is higher for more developed crops.  This

indicates a potential for conserving CO2 in early development since it is less effective during that

time.  Moreover, the predictive model evaluated growth outcomes for various environmental

setpoints and indicated potential for co-optimizing resources both by providing a way to find

optimal growing temperatures and by calculating the degree to which CO2 may be substituted for

light without affecting yield.  This also provides a means of quantifying the potential energy and,

thus, cost savings which may be expected under various hypothetical sets of environmental

conditions.  It also provides a strategic decision support tool for growers to improve crop

management and for researchers to trial various experimental designs before growing.  It was

also demonstrated that the effect of large changes in CO2 on the expansion of the canopy can be

detected nearly instantaneously when measured by TPCA.  This ability to capture changes in

environment validated the use of TPCA as a part of feedback mechanism for dynamic control

systems in the time prior to canopy closure, at which time the TPCA signal saturates due to the

crowding of leaves.  The results also suggest that further improvements can be made in remote

biomass estimation with the adoption of additional computer-vision-based feedback metrics such

as plant height.
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CHAPTER 1: INTRODUCTION

1.1. Background

Presented here is a brief review of the concepts of resource use efficiency in the context of

Controlled Environment Agriculture.

1.1.1. Overview of Vertical Farming Based Indoor Agriculture

Controlled Environment Agriculture (CEA) is the practice of enclosing a growing crop in an

environment where the factors that affect growth can be monitored and controlled.  Structures

that perform this task can range from simple plastic covered hoop-houses, to greenhouses using

natural sunlight, to shipping containers, to fully closed warehouses with vertically stacked

growing racks using artificial lighting.  Each of these offers increasing levels of control at the

cost of increased energy use and capital investment cost.  In turn, each facility has an increased

level of control over the growing environment.  Vertical farms (VFs), in particular, offer the

highest degree of control of environmental factors by isolating the crop from all exterior

variables such as sunlight, outside atmosphere, and local air temperature.  A VF also allows

geometric reductions in growing footprint by stacking crops vertically and providing artificial

lighting to each layer.  This drastically improves land use efficiency and enables agriculture

within urban areas where access to cultivable land is at a premium.

Typical growing practices employed in a VF setting include, deep water culture (DWC), nutrient

film technique (NFT), drip irrigation systems, ebb and flood benches, aeroponics, and,

occasionally, aquaponics.  In research settings, the substrate of choice for plants to develop their

roots in is rockwool (a.k.a. stonewool) because this media has very low ion exchange capacity

and does not easily bind nutrient ions, instead leaving them available to the plant.  Some other

substrates in common use, which are sometimes favored for their biodegradability, are cellulose

cubes, coco coir, and peat moss.  These are often bound together and shaped into cubes or

cylinders for easy, uniform seeding and transplanting.  Customized mixes of vermiculite,

pearlite, and peat moss (or other material) are also possible, but the loose nature of these can
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make handling and preparation more difficult.  Some aeroponics systems are able to make use of

reusable cloth substrates for growing microgreens and baby leafy greens (Harwood & Martins,

2014).  It is even possible to eliminate substrates entirely for some crops by simply allowing a

mat of seeds to germinate while partially submerged in a tray of aqueous nutrients, creating a

mass of entangled roots.

The important factors which need to be measured and controlled as a crop grows in a VF are:

light intensity, lighting schedule, canopy temperature, airflow, carbon dioxide concentration,

relative humidity (RH) of the air (or more specifically, the Vapor Pressure Deficit, or VPD),

dissolved oxygen (DO) in the nutrient solution, nutrient solution flow, nutrient concentrations

(typically measured jointly in the form of Electrical Conductivity, or EC, during growth),

nutrient solution potential of hydrogen (pH), and the presence of pests and pathogens.  A number

of other secondary factors must be strategized upon before growing begins, these are: light

spectrum, light distribution, planting density, airflow distribution pattern, nutrient formulation,

cultural practice, and choice of substrate.  Because these latter factors are difficult to change

quickly, they are typically decided upon when the growing facility is first designed and built, but

they may also, with some effort, be changed between crops if the grower finds a need.  For

example, changing the lighting spectrum may result in denser, more compact plants, and this

may allow more plants to fit into the same space (improved planting density).

1.1.2. Resource Use Efficiency (RUE)

Resource Use Efficiency (RUE) is a means of assessing potential costs in CEA.  Of greatest

interest are electrical, light, water, and carbon use efficiency (EUE, LUE, WUE, CUE).  Due to

the almost exclusive use of electrically powered artificial lighting and due to heavy insulation of

the walls in VFs, EUE and LUE may follow each other very closely, since the waste heat

generated by the lights must be removed from the building by a Heating Ventilation and Air

Conditioning (HVAC) system.  Lights and HVAC are the biggest drivers of electrical energy use;

thus, EUE naturally tends to optimize as LUE is optimized.  However, there is some room for

EUE to be optimized independently by monitoring outside temperature and adjusting inside
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temperature to ensure more negative thermal gradients from inside to out.  This can help ensure

that heat flow favors the rejection of heat from the farm interior.

These efficiencies are broadly defined as the ratio of useful growth to the relevant input.  Growth

is measured in terms of plant mass (or biomass) and can refer to dry mass or fresh mass

depending on the application.  Formal, mathematical definitions for facility level RUE can be

found in Kozai (2013); though these definitions seek to reduce the ratios to unitless numbers.

Generally, EUE is the ratio of edible fresh plant biomass to electrical energy used by the facility

during the growing period (kg J-1 or kg kW-1 h-1). LUE is the ratio of edible fresh plant biomass

to light energy or photons used to grow the plants; typically, this is expressed in units of either

(kg J-1 or kg mol-1).  WUE is the ratio of edible fresh plant biomass to the amount of water used

to grow the plant, i.e. evapo-transpired water plus the water accumulated in plant tissues (kg L-1

or kg kg-1).  From a perspective of making measurements, this amount of water should be nearly

equal to the water added to the irrigation system plus the difference in the nutrient solution

reservoir level from start of growth to time of harvest.  CUE is the ratio of edible fresh plant

biomass to the mass of carbon dioxide injected into the growing chamber atmosphere while the

plants are growing (kg kg-1 or, for CO2 at standard pressure temperature, kg L-1 or even mol mol-1

when focusing on the uptake efficiency of carbon sequestration during photosynthesis).  A

measurement of CUE must necessarily include the mass of any injected CO2 not uptaken by the

plants, such as CO2 which has leaked out of the facility through the walls, as even this lost CO2

still must be injected at some expense.  This loss happens when the concentration of CO2 is

elevated above ambient and is unavoidable for all but the most tightly sealed facilities.  In

contrast, the measure does not include the mass of CO2 which might infiltrate during times when

the CO2 is lower than ambient, as infiltrated CO2 is essentially free of cost.  Worker respiration

may also be tracked and included as “injected” CO2; though its economic cost is highly variable,

so, for consistency, it should be considered the same as for CO2 purchased normally.

In the field of CEA, vertical farms, especially, have great potential for increasing resource use

efficiency due to their highly closed nature.  Water use efficiency, in particular, has benefited
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greatly from the cultural practice of recirculating nutrient solution in both greenhouses and VFs.

In this practice, instead of water or nutrient solution draining or percolating away, as happens in

field-based agriculture, nutrient solution is captured and pumped back (i.e. recirculated) into the

plant growing system.  This technique alone can improve water use efficiency from 4 g L-1 of

fresh mass for field crops to 50 g L-1 for recirculated hydroponic crops (Barbosa et al., 2015).

An industry survey from 2017 has similar data, finding indoor, hydroponically grown lettuce

used 3% of the water of conventionally grown lettuce (Agrilyst, 2017).  These values seem

typical of the VF setting: for example, a study of how light spectrum affects growth in VFs

showed a range in WUE of 48-75 g L-1 as the ratio of red to blue photons is varied (Pennisi et al.,

2019).  Similarly, Caplan (2018) reported an average value of 48 g L-1 of water in a study of

lettuce yield vs CO2 vs light intensity.  It’s worth noting that the increased WUE offered by

highly closed systems does come with some risks.  One potential drawback of recirculation is the

increased risk of root diseases being circulated communally within the crop.  Measures can be

taken to fight this such as filtration and UV sterilization.

Like nutrient water, atmospheric water can also be recirculated.  Due to the low air exchange

rates found in vertical farms, the building’s HVAC systems can recapture much of the transpired

water, allowing greater WUE at the expense of increased energy use.  Although this savings is

small compared to that given by recirculating the nutrient solution, it can be of interest for food

production in some extreme environments requiring high levels of closure, such as south pole

research stations or off-world bases (Patterson et al., 2008; Patterson, 2011; Boscheri et al.,

2012).

Pennisi et al. (2019) reports values for EUE in a system using Light Emitting Diode (LED) based

lights ranging from 63-91 g kW−1 h−1 of fresh mass. Caplan (2018) reports 66-69 g kW−1 h−1.

This is dramatically higher than fluorescent light at 33 g kW−1 h−1 (Pennisi et al., 2019) or high

pressure sodium (HPS) lights at 10 g kW-1 h-1 (Patterson, 2011).  For this reason, VFs almost

exclusively use LED lighting, despite its higher capital costs.  Other reasons for the use of LED

lighting are that their small fixture volume and their very low heat output allows them to be
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placed nearer the plants, decreasing the height of each growing level and further increasing space

use efficiency.   If the current observed trends in LED lighting efficiency continue (Kasuma et

al., 2020), the LUE and, by extension, the EUE can both be expected to increase by nearly 50%

in the coming decades as LED technology reaches its efficiency limits.

In regard to CUE, Kozai (2013) provides a molar efficiency value for indoor plant factories of

0.87-0.89 mol mol-1.  This is very close to the theoretical maximum of 1 and represents near

complete capture of the CO2 by the plants.  Critically, these values are for very tightly sealed

facilities with air exchanges of only 0.01-0.02 exchanges hr-1 and CO2 concentrations of 1000

ppm.  Lower efficiency values can be expected for facilities with more leakage or higher CO2

concentrations.  For example, Caplan (2018), growing in a small research VF, reports CUE

values between 9.8-234.8 g LCO2
-1 for a range of CO2 from 1300-400 ppm, respectively.

1.1.3. Managing Tipburn

Tipburn is a pathological condition, which often occurs in rapidly growing leafy greens and can

cause some or all plants in a crop to be unmarketable.  The physiological mechanism that causes

the condition is a lack of calcium at the site of cell wall formation (such as found in the young

leaves at the center of a lettuce head).  This deficiency prevents the cell wall from expanding

properly later in development, and retards the growth of new cells.  Current research indicates

that this may be related to calcium’s role in ionically bonding rhamnogalacturonan

complexes in the structure of cell walls or to its role in signaling expansion, but the exact

mechanisms have yet to be elucidated (Majda & Robert, 2018).  At its worst, tipburn can cause

necrosis and stricture (a binding of the tissues) at the very margin of an expanding leaf.

Superficially, this damage resembles damage caused by burning: thus the name "tipburn."

Because calcium ions are conducted to the leaf edges by water flowing through the xylem,

adequate transpiration during photoperiod is key to preventing the disorder.  Thus, conditions

which slow transpiration during photosynthesis, such as low VPD and poor airflow in the canopy

boundary layer, or conditions which cause growth to outpace the flow of calcium can cause

symptoms of tipburn.  Vertical farms, seeking high yields, tend to create environments with high
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light levels and increased CO2 concentrations, both of which encourage rapid growth and can

promote tipburn (Caplan, 2018).  Moreover, increased CO2 concentration can cause structural

changes in how leaf stomata develop, which can negatively affect the stomatal conductance and

rate of transpiration (Xu et al., 2016) and may serve to further encourage tipburn.  In this way,

the occurrence of tipburn can act as an upper limit on the potential yields of many types of leafy

greens, especially those exhibiting tight canopies where the flow of air is restricted and where

humidity can build up immediately around newly developing leaves (a low VPD environment).

Vertical airflow has been shown to help combat the stagnation of air around the developing

rosette of lettuce plants (Goto & Takakura, 1992), and proper facility-wide airflow design has

been an area of active research (Zhang et al., 2016).

Curiously, although low VPD can cause tipburn during the day, due to reduced transpiration

rates; at night the same high humidity conditions can be used to lower the risk of tipburn.  This

effect has been demonstrated in strawberries in greenhouses (Kroggel & Kubota, 2017), and

decreasing VPD during the night period is reportedly effective in reducing tipburn incidence of

lettuce plants grown under artificial lighting (Collier & Tibbitts, 1984; Kubota unpublished).

This protective effect is thought to occur because in the dark, as stomata close, night-time

transpiration (particularly non-stomatal, cuticular transpiration) carries most of the nutrient water

away in the mid-leaf and prevents ions from flowing fully to the tips and leaf margins.  By

decreasing VPD, this transpiration is slowed and root pressure is allowed to force xylem water to

flow all the way to the leaf margins.  This, in turn, helps more calcium ions to be uptaken in

areas prone to tipburn.  Counterintuitively, although high dark period root zone temperatures can

also cause increased root pressure, this method was shown not to reduce tipburn (Collier &

Tibbitts, 1984); thus, periodic misting or otherwise decreasing VPD through HVAC is ideal.

Exploring this approach and creating standard protocols to use low VPD during the dark period

is being further researched.

Although there is no widely accepted formal definition for how much tipburn can render a plant

(or fruit) unmarketable, the risk of tipburn is a key source of inefficiency and a limit on the
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amount of growth achievable in a VF.  Proper management of the growing environment is

critical to preventing the condition, and minimizing the risk of tipburn may, thus, necessitate

increased use of other resources.  Current strategies, for example, emphasize avoiding the

condition by harvesting earlier.  This can increase costs for seeding, substrate, and labor to

achieve the same yields.  Thus, finding strategies for mitigating or preventing tipburn is a key

area where advanced environmental controls may aid in co-optimizing RUE.

1.1.4. CO2 Enrichment

Another critical resource in CEA is carbon dioxide (CO2).  While field crops can pull CO2 from

the atmosphere, at basically no cost to the grower; in both greenhouses and vertical farms, CO2

must be injected at some expense into the growing area in order to maintain or, at higher than

ambient concentrations, to enhance photosynthesis.  Moreover, it would be energy inefficient to

bring ambient CO2 along with fresh outside air into the growing space only to condition that new

air to the desired temperature and humidity for optimal plant growth.  Thus, already conditioned,

recirculated air which is amended by CO2 injection via an automated control system is the most

preferred method of maintaining desired CO2 levels in a VF system (Kozai, 2013).

The economics and sourcing of CO2 is an important factor to consider.  It could be mechanically

condensed from the surrounding atmosphere; however, this would require either a molecular

sieve and, possibly, compression (energy intensive) or a phase-change distillation system (even

more energy intensive due to the extreme cold/pressure needed).  The cheapest source of high

quality CO2 is from the petroleum industry, where large amounts of CO2 are captured, already

under pressure, and purified during the process of “cracking” large chain hydrocarbons into

smaller forms.  This industrial process can also ensure that ethene, a.k.a. ethylene, (a

phytohormone which can disrupt the normal physiology of plants and cause crop damage in very

low, parts-per-billion concentrations) is not present in the CO2 product before it reaches the farm

(Peet & Krizek, 1997).  Another very economical means of producing CO2 is to burn methane or

natural gas in a high efficiency burner.  This has the added benefit of providing heat in a

greenhouse setting (Both, 2003).  However, in the closed environment of a VF even the small
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amounts of carbon monoxide (CO) and other small chain volatile organics (such as ethylene)

produced by a high efficiency burner could eventually accumulate to harmful concentrations to

both plants and human workers.  Theoretically, these compounds could be removed by a

secondary filtration system (James, 2008), but this adds extra capital and maintenance costs as

the catalyst in these filters typically must be periodically replaced.  Moreover, the heat and water

vapor generated by a burner which were beneficial in the GH setting, would likely need to be

removed by HVAC in a VF, costing rather than saving additional energy.  Thus, again, with the

current state of industry, it is most economical to source high purity CO2 from the petroleum

industry and store it on-site as a liquid or pressurized supercritical fluid.

1.1.5. Electrical Energy Demand

One of the biggest costs in a VF is electrical energy.  Growth lighting, HVAC, and nutrient

solution pumps are the foremost energy users.  One study of a shipping container farm broke

these costs down, with LED lighting using around 70%, HVAC around 27% and pumps around

3% (Sparks, 2016).  Another breakdown for a small research vertical farm (Caplan, 2018)

reported LED lighting using 51%, HVAC 23%, and water pumps 13%, with the remainder being

used by airstone pumps (8%) and air circulation fans (6%).  In the case of larger operations,

Agritecture (2021) reports across-the-industry average percentages for energy consumption for

commercial VF facilities at lighting (55%), cooling (30%), mechanical (5%), automation (2%),

other (2%).  This ordering of lighting then HVAC then pumps can be expected to hold true for

energy usage in most any VF.

Water pumps, then, are the smallest of these expenses by around an order of magnitude, and are

largely fixed in their efficiency; although, it is possible to ensure higher efficiency by matching

the power factor of the motor to the application (Ceraolo & Poli, 2014).  Both the piping system

backpressure and the motor circuit capacitance can improve power factor.  Typically, a motor’s

pumping efficiency is set when the plumbing is designed by selecting a pump whose rate of flow

during normal operation is in the region of maximal efficiency for that pump.  However, a

properly sized capacitor in the motor circuit can also reduce reactive current and improve motor
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power efficiency during times when backpressure is low and pump is not at maximal load, such

as during partial system downtime: cleaning maintenance, etc.  Partially closed valves can also

serve this purpose by ensuring adequate backpressure to keep the motor nearer its optimum load.

Using 3-phase power supplies can also be helpful in improving pump motor efficiency.

HVAC energy use is practically always second to lighting simply because the load on the HVAC

is largely driven by the lighting intensity and duration.  Any light introduced into the growing

area is either converted into plant biomass or turned into waste heat.  To offer the reader some

scale of the inherent inefficiency of this process: using the environmental conditions of 23 °C

and CO2 concentrations between 380 to 700 ppm, the best case mass conversion efficiencies for a

C3 plant, like lettuce, range from 5.6% to 6.9% (values derived following the graphs and logic of

Zhu et al., 2008).  This means that the vast majority of light energy (around 95%) is ultimately

converted to heat, either through the inefficiencies of photosynthesis (quenching, fluorescence,

proton leakage, etc.) or through plant respiration.  On top of this photosynthetic loss, there is also

a direct efficiency loss in the process of generating light.  For typical, recent LED fixtures, these

losses from drive current, temperature management, LED driver, and protective coatings total

about 33% (Katsuma, 2020), meaning that for every 2 joules of light energy created an additional

1 joule of heat is dissipated by the fixture.  Since VFs are largely closed systems and are often

quite well insulated from the outside, this heat cannot easily escape through the walls and must

be removed by the HVAC in order to maintain optimal growing temperatures.  Typical HVAC

systems using air cooled heat pumps feature coefficients of performance (COP) in the range of

3.2-3.4 and regulatory standards mandate increasing COP and efficiency in the coming decades

(Office of Energy Efficiency and Renewable Energy, 2015).  Ground source heat pumps (cooled

by water or geothermal mass), regularly attain higher COPs in the range of 3.3-4.3 and can be

even higher under favorable conditions (Spitler & Gehlin, 2019).  Thus, for typical heat pumps,

around ~33% more energy (or less) than what the lights produce must be used by the HVAC to

reject the heat to the exterior.  In some regions of the world, extreme exterior environments may

add heat to (hotter outside) or subtract heat from (colder outside) this HVAC load.  Overall, very

little if any HVAC heating is ever needed in a well-sealed and insulated VF (Zhang, 2019), and
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the principal challenge and expense of energy is to remove heat from the plant environment.

However, smaller or less sealed VFs, such as those made in shipping containers, may have

significant heat transfer through the walls, placing a greater portion of the energy requirements

on HVAC (Sparks, 2016).  This demonstrates an important trade between the capital cost of

insulation and the ongoing cost of maintaining thermal stability in the growing environment.

Newer designs for HVAC include a device known as an HVAC economizer.  This device can

produce energy savings by injecting exterior air into the facility for cooling or dehumidifying.

However, for VFs this is not ideal as it will dilute the facility air with non-CO2-enriched air, and

thus, the savings of using an HVAC economizer must be weighed against the expense of lost

CO2.

HVAC systems are also responsible for removal and management of water vapor.  Because the

condensation of water is an exothermal process, additional heat above and beyond the heat

capacity of the air itself must be extracted as the water vapor is condensed from the air.  From the

perspective of water recycling, this is actually an efficiency improvement (since the water can

then potentially be recycled back into the growing system); however, the high vapor load from

plant transpiration will require special consideration when sizing a vertical farm’s HVAC system.

Lighting is the biggest energy cost in the VF environment.  Lighting efficiency is largely a

design trade between capital investment (cost of fixtures) and photon generation efficiency

(lighting efficacy).  LED lighting fixtures are by far the cheapest, longest lasting, most reliable,

most controllable, and most fail safe means of generating light for plant growth.  Moreover, the

cost of highly efficient LED light packages continues to lower and the photon efficacy of LED

light fixtures is now around 2.5 to 3 μmol/J, depending on spectrum, and by 2030 is predicted to

start an asymptotic approach to its theoretical maximum of ~5 μmol/J.   Even so, the highest

efficiency LED light fixtures are the most expensive, and the cost savings they can provide will

not typically be realized until 3 to 5 years of continuous production have passed (Kasuma et al.,

2020).
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1.1.6. Labor

In recent years, the cost of labor has overtaken the cost of energy for the title of greatest expense

in a VF, taking up more than 50% of the costs (Agrilyst, 2017).  Large, ongoing expenses at a VF

operation frequently include tasks such as harvest, transplant, cleaning, shipping, and seeding.  In

an analysis of labor in a large research Plant Production System located in Osaka Prefecture

University, Osaka Japan; Ohyama et al. (2018) ranks these activities as a percent of total labor as

follows: harvesting 28.7%, packing 16.1%, final transplant 12.1%, cleaning 8.7%, shipping

7.4%, and initial planting and seeding 4.7%, with the remaining percentage represented by

variation in these values and most of that variation in harvesting.  Ohyama et al. also reported

labor productivity figures for that VF ranging from 1.5-6.0 kg h-1 worker-1.  The wide range and

instability of this figure was attributed to variability in demand and subsequent frequent

rearrangement of worker schedules to accommodate harvest times.  Meanwhile, industry surveys

reported 5.9 kg h-1 worker-1.  Ohyama et al. calculated the break-even point for profitability to be

3.2 kg h-1 worker-1 given a typical price point for lettuce in the area.  Thus, in order to remain

profitable, it is critical that labor productivity be kept on the high end of what is possible.

Because of the expenses associated with labor and the burdens that inconsistent labor needs

places on both labor productivity and workers’ time, there is a large drive toward increased

automation in all of these tasks.  Much of the developments in automation are proprietary, but

they frequently revolve around robotics, data analytics, and computer vision.

Another way to reduce labor costs is to reduce the number of transplant events that need to occur

in a developing crop canopy.  Adjusting planting density to accommodate growing plants without

wasting lighting energy on unoccupied space is the primary reason for transplant, and the

expenses associated with wasted light from too low a density must be balanced against the labor

and operational expenses associated with more frequent transplants to change the density.  Some

work has been done with adjustable systems that can change lighting focus as a canopy develops

to better accommodate growing plants and improve facility lighting use efficiency.  Poulet, 2014

showed such a system could reduce lighting energy use per unit dry biomass by 50%.  Likewise,



23

growing systems which automatically adjust planting density or lighting/canopy height could

potentially realize similar efficiency increases by making better use of light in early

development.

1.1.7. Environmental Control Systems

Traditional environmental controls in VFs are based on monitoring the aerial and root zone

environment of crops and enforcing static setpoints on them as they grow.  Dynamic controls,

especially those based on crop-specific sensing and feedback, have the potential to enhance

resource use efficiency.  Research on feedback-based systems has been far more prevalent in

greenhouse control systems than in VFs due to the more variable environments found in these

facilities.  Therefore, a brief review of Artificial Intelligence (AI) controls, predictive modelling,

and feedback-based systems used in greenhouses (GH) is presented in this section.

The success and potential of using AI for autonomous environmental control have been

demonstrated with tomato crop production in a GH setting (Hemming et al., 2020).  The tested

AIs used a combination of data from human workers and temperature, RH, light, and CO2

sensors located in several GHs in order to develop strategies for controlling the GH environment.

The controlled factors were degree of ventilation, humidity setpoint, supplemental lighting state

(on/off), supplemental lighting spectrum (blue, red, far-red, and white channels available),

shading screen activation, blackout screen activation, heating pipe set-point temperature, canopy

temperature setpoint, CO2 concentration, irrigation interval, composition of nutrient

amendments, and pruning/harvesting rules and timing: all were varied with the goal of

optimizing profit, which included a price adjustment for fruit quality/sweetness.  Some AIs had

access to additional sensors such as cameras, computer vision based metrics, sap-flow and stem

diameter sensors, and load cell lysimeters.

Various strategies were offered by the AI algorithms, and all were able to outperform a team of

human growers.  The employed Machine Learning algorithms were based on conditional,

rule-based algorithms, data enabled predictive control (DeePC), long short-term memory
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networks (LSTM), bidirectional LSTM, reinforcement learning (RL), and imitation learning.

Extra data from historical information, predictive crop modelling, and 24-hour weather

prediction was also included to inform some of the control strategies.  Most AI design teams

broke the decision making process into strategic, tactical, and operational levels.  Importantly, all

teams had a human-in-the-loop for analysis and/or decision making, meaning that full direct AI

control was not realized by any team.  Rather, the AI acted as an effective tool to guide strategic

and tactical decisions.  The study indicated that more data is needed to produce accurate growth

models in order to aid the AI in prediction and strategizing; that computer vision especially

needs more development as a rich source of data; and that robotics development is key to

realizing fully autonomous growing systems.

Feedback systems meant for GHs have been developed for measuring the temperature of plants

remotely using thermography (Voogt & van Weel, 2008; Kacira et al., 2005; Story & Kacira,

2015).  In these systems, temperature data, along with input solar radiation data, can be used to

calculate the stomatal conductance for the canopy.  This allows the system to infer information

about plant water status which can be used both to avoid irrigation deficiencies and to optimize

the growing environment by maximizing the heating uniformity and heating efficiency for both

the growing area and the facility as a whole.  In a GH, this is done by varying factors such as the

degree of vent opening, shade cloth deployment, air temperature, absolute humidity, and CO2

concentration.  If the technique were adapted for a vertical farm setting, where control would be

enforced by an HVAC system, the knowledge of stomatal conductance could potentially prove

useful for predicting conditions which might be conducive to tipburn.

There has also been substantial work done on using multispectral camera imaging techniques to

characterize the water status of both field and greenhouse crops (Kacira et al., 2005; Story,

2015).  These techniques take relative intensity values from various parts of the light spectrums

(such as blue, green, red, far red, and infrared) and apply mathematical formulae to them to

create “spectral indexes”.  These are typically unitless values from 0 to 1 which indicate the

water status of growing plant tissue.  Popular indexes include Simple Ratio (SR), Normalized
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Difference Vegetation Index (NDVI), and Enhanced Vegetation Index (EVI), though there are

many more which have been studied (Katsoulas et al., 2016) and which might be adapted for use

in VFs.  Unlike field based measurements where the amount of background soil in the image vs

leaf tissue has a strong influence on the signal (Tucker, 1979), in the VF setting the background

can be easily removed from the image.  Thus, in VFs the technique would rely primarily on

measuring color changes due to slight shifts in pigment concentration within the plant which

occur as the water status changes.

For certain species, some of the indexes, especially together with other data, have been shown to

be able to detect water stress (Katsoulas et al., 2016).  Similar computer vision techniques using

image texture and top projected canopy area (TPCA) have also been shown to detect calcium

deficiency a day before the human eye (Story et al., 2010).  However, in the GH and field

environments, these techniques are vulnerable to the high spatial and temporal variability of

lighting conditions.  The presence of irregular background images and shadows can further

complicate the application of the method (Story, 2015).  The suitability of the technique is much

improved in the well controlled environment of a VF; however, the highly controlled nature of

the VF also makes the incidence of stress much lower.  Therefore, such a feedback system has

limited application in VFs using static setpoints, but may be useful for dynamic control systems

where continuous feedback is needed to verify how a crop is responding to changing

environmental conditions.

Some work has been done on predictive control strategies in regard to temperature settings in

greenhouses.  Recognizing that temperature loads introduced by the sun and weather through the

day can be quite variable and that ground source heat pumps can be used to store thermal energy,

these systems seek to use short term weather predictions to store heat loads in the ground during

peak times using heat pumps.  This heat energy can then be unloaded/stored during times of need

(Both et al., 2007) in order to realize electrical energy savings.  Although the thermal storage

capacity of a VF is not nearly as large as a ground source, the same type of forecasting
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calculations for determining the thermal gradient of the facility could play a significant role in

deciding the optimal environmental diets in a VF using dynamic control.

1.1.8. Dynamic Control System Principles

Many resources used in the Vertical Farm setting will vary significantly in cost.  For example,

the cost of electricity to run the lighting and HVAC can have peak hours and demand rates during

which the cost of electricity can increase, in some cases nearly doubling (Mattos, 2021).

Likewise, HVAC efficiency and equipment lifetime are closely tied to the temperature difference

between the inside and outside of the VF facility and the dynamics of the environment inside the

VF facility.  Combined with year-round variability and changes in weather patterns these factors

create a complicated possibility-space of ideal and non-ideal times at which to use electricity for

any given geographic location.  Similarly, CO2 usage can (depending on local workplace safety

laws and/or the presence of an HVAC economizer) be tied to HVAC usage by ventilation

requirements of the growing space and by outside factors such as wind load, which can increase

leakage rates.  A cost trade exists between ventilating with fresh, cool air and losing CO 2 to

ventilation.  Labor is also a cost which can vary greatly, especially when emergency conditions

arise, such as when a portion of a crop must be harvested early or when a crop turnover must be

delayed due to low weights or supply chain issues.  In such situations, workers might find

themselves summoned for unexpected work during odd hours.  This, in turn, can incur extra

labor costs while delaying sales (Ohyama et al., 2018).  All these economic factors can be

considered and optimized by a decision support algorithm in a computer control system, but only

if the system is able to change environmental growing conditions as resource expenses and yield

predictions change.  Thus, both predictable expenses and unexpected delays can be avoided.

Typically, in CEA, crops are grown at predefined environmental setpoints.  This allows

consistent crops by ensuring that they have a consistent environment.  A novel approach to

environmental control is to implement a dynamic control system, where the growing

environment is free to change based on the cost of resources and the observed performance of the

plants.  The purpose of dynamic control is to enable the grower to use resources more efficiently
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by avoiding periods when resources are more expensive while still allowing a consistent, high

quality crop to be developed in the expected amount of time.

The key to achieving this goal is to enable the environmental control system to receive direct

feedback from the crop.  This is necessary because, when the environmental settings deviate

from a constant setpoint (as is inevitable when withholding resource expenditure during

expensive periods), the consistent and predictable growth of the crop may be lost.  A

feedback-based system, which would monitor the developmental status of the crop in real-time,

can then allow the control system to later make adjustments to the environmental settings to keep

the crop's development on track.  In practice, this amounts to a sort of set-point "rubato" (a

musical term referring to the practice of “robbing” time from one note and giving it to another),

where resources are robbed from expensive times and expended with renewed vigor at less

expensive ones.

One critical measurement to make for feedback on a developing crop is its biomass.  However,

direct measurements of this plant phenotype can be laborious, expensive, and time consuming.

The gold standard for biomass measurements is to have a researcher take a sample of the crop,

dry it thoroughly, and then measure it on a scale.  This is the Dry Mass (DM), and it can take

several days to take the measurement.  For the purposes of feedback, this is too slow; therefore,

something that gives measurements more quickly is required.  Viable proxies which are more

cheaply measured may exist such as Fresh Mass (FM), TPCA, and plant height.  The latter two

proxy measurements can be gathered rapidly and non-destructively with a computer vision

system and can be processed into signals for a feedback-based control system.  Another possibly

useful computer vision metric is NDVI.  Although not directly related to biomass, NDVI along

with a host of other spectral indexes can be useful in assessing the stress state of a canopy and

may give early warnings as to when biomass production may be threatened or delayed (Story et

al., 2010; Story & Kacira, 2015; Katsoulas et al., 2016).
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Although using historical data from previous crops grown in a VF is one possible way to judge

whether a current crop is developing as desired under set environmental conditions, a more

useful and adaptable approach is to use a predictive crop growth model, along with recorded

environmental conditions.  Together these can determine not only the current expected status of

the crop’s growth, but also can be used to identify future possible environments which may bring

about the desired yield.  In this way, the model would serve as a decision support tool, either for

the grower directly or for a machine learning system designed to autonomously find the optimal

set of future environmental conditions for minimizing costs.

Ultimately, a generalizable crop growth model allows a control system to not only assess how a

crop is currently growing compared to model expectations but also to run simulations about how

future environmental settings might affect the crop growth.  Using machine learning techniques

can enable predictions for optimizing resource use efficiency at future times in the growth cycle.

One possible technique is a gradient decent across the model inputs to attempt to minimize the

combined cost equations while maintaining a desired yield and harvest date.  A problem with this

approach is that optimizations at later time points depend on previous time points, making the

number of calculations required to minimize over all time grow exponentially.  Moreover, this

technique will not be likely to identify solutions where early, less-efficient resource-use might

lead to later savings.  Another, more promising option is reinforcement learning (Kaelbling &

Littman, 1996).  With this technique, an agent is subjected to various states and, based on

iterative experience, develops policies for each state which indicate how to find favorable

outcomes for that state in future iterations of the algorithm.  After sufficient iterations, the

algorithm approaches an optimum sequence of actions across all states.  The same process can be

set in the context of an iterative predictive growth model, where states include current crop mass

and environmental conditions; rewards are determined by resource input costs; and actions

consist of increasing/reducing/interchanging resources, with the goal of optimizing resource use

efficiency by adjusting environmental settings within the constraints of maintaining a target yield

and time of harvest.
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1.2. Objectives

The main objective of this research was to characterize potential crop growth decision support

tools needed to implement a dynamic control system for use in vertical farms.

Specific objectives were 1) to develop a computer vision system and algorithm to monitor lettuce

crop growth, using top projected canopy area, under LED lighting in a vertical farm system and

to evaluate its suitability as a feedback tool, 2) adapt and implement a crop growth model to

predict expected crop fresh and dry biomass under variable environmental conditions, and 3) to

evaluate various what-if scenarios for co-optimizations of environmental variables with air

temperature, daily light integral, photoperiod, and carbon dioxide concentration leading to

overall cost savings with acceptable crop yields.

1.3. Author’s Role in the Research Effort and Publication

The experiments presented in this thesis were designed, conducted, and analyzed by KC

Shasteen.  The crops were sown, monitored, and harvested by him along with student volunteers

and workers whom he supervised.  The image analysis and graphing software were written solely

by KC Shasteen.  The core biomass growth modelling code was written by Ying Zhang, a former

graduate student in Kacira Lab, based on the Growth Model developed by van Henten (1994),

and was extensively modified with crop parameters suited for the current study and graphical

output functions by KC Shasteen.  He was also solely responsible for post-production data

collection and analysis.  Some of the data was part of a larger USDA funded project to collect

data about the optimal growing conditions for vertical farms, and it was this project that provided

funding to grow the crops.  The experiments and the project were conducted at the University of

Arizona's Vertical Farm facility located at the Controlled Environment Agriculture Center (UAg

Farm), at which KC Shasteen served as graduate student manager of the facility during the time

of the experiments.  Several physical and software improvements to the system were made by

him during the project period.  This research was sponsored in part by USDA-SCRI project,

award number: 2019-51181-30017.
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CHAPTER 2: PRESENT STUDY

2.1. Overall Summary

The experiments were performed in Chamber A of the University of Arizona’s Controlled

Environment Agriculture Center’s Vertical Farm Facility (UAg Farm).  The facility is designed

for growing leafy greens using a deep water culture system.  Each crop was grown in an area

measuring 2.44 m in length by 1.22 m in width (8 feet by 4 feet), and consisted of 72 plants.

There were 6 such growing areas in the chamber for a total of 17.8 m2.  To prevent edge effects,

only the central 40 plants in each area were sampled from as data plants.

In a sequence of experiments several cultivars of lettuce (Lactuca Sativa L.) were grown.  The

cultivars grown were three Butterheads: cv. ‘Pascal’, cv. ‘Seurat’, and cv. ‘Rex’, and one

Oakleaf: cv. ‘Rouxaï’.  There were three principal experiments performed during the growth of

these crops.  One was calibration and data collection for revising a predictive model for lettuce.

This model was based on a previous model by van Henten (1994).  Based on the data collected

and additional literature study about physiological parameters that are best suited for a vertical

farm environment, several parameters in the model were modified or replaced with functions of

time in order to make model predictions better match the calibration observations.  The second

experiment analyzed the viability of top projected canopy area (TPCA) as a feedback metric and

proxy for crop biomass over time.  This experiment involved placing a multispectral camera over

a crop as it grew (although, ultimately only the visual channels were used) under constant

environmental conditions, capturing image data at regular intervals, and using computer vision

techniques to translate those images into a function of area vs time.  The area graph was then

compared against actual biomass measurements from plants sampled from the imaged crop.

These measurements were repeated for a second crop grown under varying CO2 conditions, and

the differences in observed biomass and TPCA between the crops were compared.  The third

experiment was a validation of the model.  Predictions for crop growth were made for various

environmental sequences featuring changes in time of CO2 treatment, and then biomass
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measurements were taken from actual crops grown in such environments.  The predictions and

the measurements were then compared to verify the model’s prediction accuracy.  Table 1 and

Table 3 of Appendix A shows descriptions of the environmental settings for each of the crops

grown.  Figure D.1 of Appendix D shows the position of the multispectral camera used to

measure TPCA, along with the crop layout.  Table 2 of Appendix A shows the timing and size of

samples taken from each crop.

Measurements of shoot biomass were taken for both fresh mass and dry mass for all crops.  All

calibration crops also had measurements taken of their fresh and dry root biomass.  Fresh mass

measurements were performed immediately after harvest, and dry mass measurements were

performed after drying at 65 °C for at least 3 days or until mass measurements stabilized (up to 7

days; particularly for very large heads), indicating that all water had been driven off.  The largest

heads were also split down the middle to encourage drying of the center of the head.

Crop environmental parameters that were measured included: CO2, light uniformity, light

spectrum, light schedule, air temperature, RH, nutrient solution pH, EC, and DO.

The purpose of this research was to develop key systems needed for making an automated

dynamic control system for growing lettuce in vertical farms.  Such a system could potentially be

used to increase or co-optimize resource use efficiency by allowing a control system to keep

track of a crop’s development while changing the environmental settings of the facility in order

to avoid resource use during times of high expense.  Some strategies for achieving this include:

targeting the lighting schedule to activate lights only during the cheapest times of day;

withholding cooling till times of day when it is thermodynamically favorable; deciding when it is

cost effective to use an HVAC economizer to reduce energy costs by ventilating with outside air

at the expense of lost CO2; and enabling power company discounts by way of Real-Time Energy

Management (RTEM) of a facility’s lighting intensities to balance local power grid usage.  This

is similar to the practice of “peak shaving”, which is typically done using a generator.  However,

in this context it would be done by throttling lighting intensity.



32

2.2. Conclusions and Recommendations

The results of the calibration experiment showed improved model performance for the cultivars

used in this study for lighting intensities ranging from 11.6 to 14.4 mol m-2 day-1 DLI.  It is

anticipated that these cultivars will be fairly representative of lettuce as a species, thus only

minor modifications to the model parameters should be needed when switching between

cultivars.  The most important changes to make when attempting to use the model in a new

setting is to account for the energy differences in lighting spectrum for the local lighting fixtures.

Instead of changing model parameters directly, differences due to cultivar can likely be adjusted

by a simple, cultivar-specific scaling factor determined by growing a calibration crop in the

facility.  Alternatively, a feedback metric such as TPCA may also be useful for correcting

differences caused by both lighting and cultivar.

The study indicated that TPCA has a strong potential to be used as a metric in a feedback system.

Graphs of TPCA demonstrated the ability to detect differences in growth caused by a change in

CO2 concentration from 400 to 900 ppm at DAT 12 when compared to growth at constant 400

ppm CO2.  Moreover, when TPCA was graphed against biomass and multiplied by a constant

scaling factor, in both these situations the scaled TPCA matched biomass closely during the days

prior to canopy closure.  As the canopy closed, the TPCA signal saturated and was no longer

matched to biomass.

Some improvements were identified for future measurements of TPCA.  For one, it was found

that small imaging areas were not sufficient for creating good samplings of TPCA.  For some

choices of sampling area, measurement problems were possible and appeared to be caused by

aberrant growth (such as leaves leaning onto each other and growing up instead of expanding

outward) and by edge effects (such as when plants grew beyond the edge of the image).

Therefore, ideal image-capture-setups should create an orthomosaic of the entire growing area,

and research should be done to engineer a cheap and effective mechanism for sweeping the

imaging system over a large area of the crop in the tight confines of a VF growing shelf without
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interfering with growth or blocking light.  Another factor that needs to be explored when using

canopy expansion for crop monitoring is that both lighting intensity and spectrum influence

canopy expansion.  Therefore, the previously mentioned scaling factor, which can convert TPCA

to biomass will vary in value depending on these factors.  Further research should be done to see

how the scaling factor changes as the lighting environment changes and to see how expansion is

affected by lettuce cultivar.  Despite these complications, TPCA did correlate strongly to biomass

in early development; therefore, it is likely that, with more research, additional computer vision

based measurements such as plant height, image texture, and spectral index could be combined

with TPCA and used as parameters to train a neural network to produce very good estimates of

biomass across the entire crop cycle.

The model validation experiment resulted in two key observations.  First was that the model’s

biomass prediction accuracy was low in early crop development, in the week following

transplanting.  Future research on how various physiological parameters change over the course

of a crop’s development could help improve this.  Second was that, just as predicted by the

model, CO2 was more critical in later crop development than in early crop development.  This

was likely due mostly to increased plant size, with larger plants being able to take in a greater

quantity of CO2 than smaller ones and the proportionate increases later in development having a

greater total effect.  This second fact demonstrates yet another way the model can be used for

optimizing resource use efficiency: demonstrating ways resources can be interchanged and

shifted in time without affecting yield.  Future research can test the model’s predictions at

time-varying light intensities and can also evaluate its accuracy against other cultivars of lettuce.

Future research should also be done on using machine learning (likely some form of

reinforcement learning) to search for and find future environments which optimize resource use

efficiency and minimize costs.  Together, the predictive growth model, the proxy feed-back

measurements for biomass, and some type of machine learning can be used to create an

autonomous dynamic control system.  When this is implemented, experiments should be
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conducted to validate and characterize such a system’s ability to reduce costs and explore new

possible techniques and niches for dynamic control of vertical farming systems.
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Predictive Modelling and Computer Vision Based Decision Support to Optimize Resource

Use in Vertical Farms

Abstract

By varying the environmental conditions in which a lettuce plant is grown and by knowing the

costs required to maintain the various environments, it is possible to create a dynamic control

system for vertical farms which can minimize the costs to produce a plant.  However, when

conditions around a plant are variable, the outcomes of growth, such as yield and harvest time,

may no longer be easily predicted from the performance of previous crops.  This research

evaluated and developed critical tools that would be required to create a dynamic control system

where growth is tracked and predicted to co-optimize resource use and minimize costs while

maintaining yield, product quality, and harvest time.

This research showed that top projected canopy area (TPCA) had a strong correlation to biomass

prior to canopy closure, and that with further research TPCA may be suitable as a strongly

predictive proxy for assessing biomass remotely in leafy-green crops by using computer vision.

A camera measuring TPCA signals from two growing canopies under different time-varying CO 2

treatments produced TPCA graphs which diverged almost immediately upon treatment.  This

indicated that TPCA could be useful as a feedback metric in an automated control system.

This research also modified and validated a predictive growth model for lettuce for use in

vertical farms.  The model was calibrated against experimental results from several cultivars of

lettuce, and then predictions for the model were tested under time-varying conditions.  Using this

predictive model, feedback based control, and input costs, it will be possible to co-optimize the

environmental conditions of CO2 concentration, temperature, and light intensity and use Machine

Learning to create a diet of future environments predicted to save electrical energy and

associated growing expenses.  Additionally, the model can use simplified, static environments to

evaluate set-point based growth and design experiments, visualize, or strategize on more optimal

growing environments in vertical farms without dynamic control.



41

Finally, the research demonstrated both empirically and with modelling that lettuce plants are

able to use higher CO2 levels more efficiently later in their development.

Keywords: computer vision, top projected canopy area, predictive model, lettuce, dynamic

control system, vertical farm, controlled environment agriculture, digital twin

1. Introduction

The typical way of controlling growth in a vertical farm (VF) is to keep environmental

conditions as constant as possible.  However, this approach ignores the costs associated with

maintaining the environment.  Some essential resources such as electricity have times of the day,

week, or year where their costs can be significantly lower.  Other resources such as CO2 can be

used more efficiently at certain times in the development of a crop.  Using this knowledge along

with models that predict plant growth under different environmental conditions, it might be

possible to alter the environment around a crop dynamically to enhance resource use efficiency

and lower operating costs.  This approach is the basis for and fundamental benefit of dynamic

control of the growing environment, however an accurate plant growth model and feedback

metrics are critical to success.

There are various possible ways to achieve cost savings using dynamic control.  For instance,

increasing either CO2 or light can increase yields. However, because CO2 is typically less

expensive than lighting, exchanging CO2 for light can produce significant cost savings.

Likewise, HVAC economizers allow a building to cool and dehumidify outside air but tend to

dilute any CO2 enhanced air inside.  A dynamic control system would allow the costs and

benefits of these types of resource exchanges to be analyzed in real-time as a crop grows.  Many

electrical providers have payment plans that discourage energy use during particular times;

scheduling the lighting to activate only during the cheaper times (off-peak hours) can save on

electrical costs.  Moreover, some utility plans provide discounts for allowing the electrical

provider to throttle a facility's energy usage using real time energy management (RTEM).  Using

RTEM, the provider would signal times and amounts by which electrical load should be reduced
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and the grower’s control system would automatically dim the lights.  Normally, variable lighting

intensity would mean unpredictable growth for a crop; however, with dynamic control, any

shortfalls in lighting could be offset with more light at times of lower demand such as nights and

weekends.  Similarly, in many places the thermal gradient at night tends to produce favorable

HVAC thermodynamics, meaning that not only is energy cheaper, but the HVAC equipment is

more efficient and placed under less load.  Thus, the thermal environment of a VF can also be

managed dynamically provided the plant’s response to alterations in temperatures are accounted

for in the predictive model.

Creating a constantly adapting environment inside a VF for the purposes of minimizing costs

appears to be a novel idea.  However, greenhouses (GHs) have always had variable

environments.  Recent research describes some of the methods used to deal with environmental

variability, plant growth prediction, and profit optimization in GHs.  In Hemming et al., 2020,

several artificial intelligence (AI) algorithms were tested using a combination of data from

human workers and temperature, RH, light, and CO2 sensors located in several GHs in order to

develop strategies for controlling the GH environment.  The controlled factors included

ventilation, humidity, supplemental lighting, shading/blackout screen activation, heating, CO2

concentration, irrigation, nutrient amendments, and pruning/harvesting rules: all were varied

with the goal of optimizing profit, including price adjustment for fruit quality.  Some AI

algorithms had access to additional sensors such as cameras, computer vision based metrics,

sap-flow and stem diameter sensors, and load cell lysimeters.

Various strategies were offered by the AI algorithms, and all were able to outperform a team of

human growers.  The employed Machine Learning algorithms were based on conditional,

rule-based algorithms, data enabled predictive control (DeePC), long short-term memory

networks (LSTM), bidirectional LSTM, reinforcement learning (RL), and imitation learning.

Extra data from historical information, predictive crop modelling, and 24-hour weather

prediction was also included to inform some of the control strategies.  Most AI design teams

broke the decision making process into strategic, tactical, and operational levels.  Importantly, all
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teams had a human-in-the-loop for analysis and/or decision making, meaning that full direct AI

control was not realized by any team.  Rather, the AI acted as an effective tool to guide strategic

and tactical decisions.  The study indicated that more data is needed to produce accurate growth

models in order to aid the AI in prediction and strategizing; that computer vision especially

needs more development as a rich source of data; and that robotics development is key to

realizing fully autonomous growing systems.

Feedback systems meant for GHs have been developed for measuring the temperature of plants

remotely using thermography (Voogt & van Weel, 2008; Kacira et al., 2005; Story & Kacira,

2015).  In these systems, temperature data, along with input solar radiation data, can be used to

calculate the stomatal conductance for the canopy.  This allows the system to infer information

about plant water status which can be used both to avoid irrigation deficiencies and to optimize

the growing environment by maximizing the heating uniformity and heating efficiency for both

the growing area and the facility as a whole.  In a GH, this is done by varying factors such as the

degree of vent opening, shade cloth deployment, air temperature, absolute humidity, and CO2

concentration.  If the technique were adapted for a VF setting, where control would be enforced

by an HVAC system, the knowledge of stomatal conductance could potentially prove useful for

predicting conditions which might be conducive to tipburn.

There has also been substantial work done on using multispectral camera imaging techniques to

characterize the water status of both field and GH crops (Kacira et al., 2005; Story, 2015).  These

techniques take relative intensity values from various parts of the light spectrums (such as blue,

green, red, far red, and infrared) and apply mathematical formulae to create “spectral indexes”.

These are typically unitless values from 0 to 1 which indicate the water status of growing plant

tissue.  Popular indexes include Simple Ratio (SR), Normalized Difference Vegetation Index

(NDVI), and Enhanced Vegetation Index (EVI), though there are many more which have been

studied (Katsoulas et al., 2016) and which might be adapted for use in VFs.  Unlike field based

measurements where the amount of background soil in the image vs leaf tissue has a strong

influence on the signal (Tucker, 1979), in the VF setting the background can be easily removed
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from the image.  Thus, in VFs the technique would rely primarily on measuring color changes

due to slight shifts in pigment concentration within the plant which occur as the water status

changes.

For certain species, some of the indexes, especially together with other data, have been shown to

be able to detect water stress (Katsoulas et al., 2016).  Similar computer vision techniques using

image texture and top projected canopy area (TPCA) have also been shown to detect calcium

deficiency a day before the human eye (Story et al., 2010).  However, in the GH and field

environments, these techniques are vulnerable to the high spatial and temporal variability of

lighting conditions.  The presence of irregular background images and shadows can further

complicate the application of the method (Story, 2015).  The suitability of the technique is much

improved in the well controlled environment of a VF; however, the highly controlled nature of

the VF also makes the incidence of stress much lower.  Therefore, such a feedback system has

limited application in VFs using static setpoints, but may be useful for dynamic control systems

where continuous feedback is needed to verify how a crop is responding to changing

environmental conditions.

Some work has been done on predictive control strategies in regard to temperature settings in

GHs.  Recognizing that temperature loads introduced by the sun and weather through the day can

be quite variable and that ground source heat pumps can be used to store thermal energy, these

systems seek to use short term weather predictions to store heat loads in the ground during peak

times using heat pumps.  This heat energy can then be unloaded/stored during times of need

(Both et al., 2007) in order to realize electrical energy savings.  Although the thermal storage

capacity of a VF is not nearly as large as a ground source, the same type of forecasting

calculations for determining the thermal gradient of the facility could play a significant role in

deciding the optimal environmental diets in a VF using dynamic control.

A dynamic control system of this type requires three critical components.  First is a predictive

growth model which allows the control system to know where a crop should be in its
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development for a given sequence of environmental conditions.  Second is a plant-based

feedback mechanism which allows the system to correct any deviation from the model

predictions, allowing the system to know where the crop actually is.  Third is a machine learning

algorithm which, together with the predictive growth model and cost functions for resources,

gives the system a means of evaluating future scenarios and finding an optimal sequence for

minimizing costs while maintaining a target yield and harvest time.  This study focuses on the

first two of these critical elements.

Therefore the objectives of this study were to 1) generate data needed to modify, validate, and

test a predictive growth model for lettuce grown in a VF system, 2) implement and evaluate a

computer vision system for its potential as a proxy for biomass and as a feedback control metric

for a dynamic control system, and 3) to explore ways the predictive model can be used as a

decision support tool for co-optimizing environmental variables by exploring various what-if

scenarios in which environmental conditions such as air temperature, light intensity, daily light

integral, and carbon dioxide (CO2) concentration were varied in order to minimize input costs

while maintaining acceptable yields.
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2. Materials and Methods

During the experiments, a total of 10 crops were grown.  Each crop consisted of 72 plants and

only the central 40 plants in the most uniform environment were used for data collection.  This

ensured that non-uniform (typically lower) light and air-flow conditions in the outer regions did

not bias the biomass accumulation of the plants used for data collection.  Each crop was grown

under different sets of both constant and variable environmental conditions, and direct

measurements were made of root and shoot biomass at several points during crop development.

Subsections of some crops were imaged with a multispectral camera throughout their

development (although, ultimately, only data from the visible channels were used), and

environmental conditions for all crops were monitored and recorded throughout.

2.1. Vertical Farm Facility

The experiments were conducted in one of the growth chambers located at the vertical farm

facility of the Controlled Environment Agriculture Center at the University of Arizona (the UAg

Farm).  The dimensions of the chamber floor were 3.68 m by 5.94 m, and the chamber height

averaged 3.8 m.  The chamber contained two multilevel growing racks, each with 3 deep water

culture growing levels where lettuce was grown on floating foam rafts.  Each level’s growing

area measured 2.44 m by 1.22 m, contained about 300 L of continuously recirculating nutrient

solution, and had two horizontal airflow fans which maintained air circulation in a race track

pattern.  Each rack had independent 1270 L nutrient reservoirs and shared a set of peristaltic

acid/nutrient pumps (800-101-3014-17, ANKO, FL, USA).  A single CO 2 sensor (GMP222,

Vaisala, Vantaa, Finland) and transmitter (GMT220, Vaisala, Vantaa, Finland) measured CO2

concentrations for the entire chamber.  Light was provided by eight LED lighting fixtures (F3

Eclipse, Illumitex, TX, USA) per level, and was independently controlled for each level by a

network connected Infrastack lighting controller.  The spectrum of these lights was 8% Blue, 6%

Green, 86% Red as measured by a spectroradiometer (PS-300, Apogee Instruments, UT, USA)

just prior to the experiments.  The temperature and relative humidity (RH) of the aerial

environment was monitored on one level of each rack with air temperature and RH probes

(HMP60, Vaisala, Vantaa, Finland), which were enclosed in an aspirated and shielded sensor
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housing.  Each rack also had its own set of aerial and root zone environmental sensors whose

signals were used to control the peristaltic pumps.  The nutrient solution pH (HI 1001, Hanna,

RI, USA), EC (HI-EC 3001, Hanna, RI, USA; CDE-100-1 PT100, Omega, UK), and dissolved

oxygen (DO1200, Sensorex, CA, USA) levels were also measured.  The RH was controlled by a

dehumidifier (CFT4.0D, Colzer, China), which had its own internal sensors.  In one level of one

rack, a multispectral camera (RedEdge, MicaSense, WA, USA) was fixed above the growing

area and collected image data as the crops developed.  With the exception of the camera, all

sensor data was recorded by a datalogger (CR6, Campbell Scientific, UT, USA).  Each rack also

had a quantum sensor measuring photosynthetic photon flux density (SQ-120, Apogee

Instruments, UT, USA), which was calibrated to the spectrum of the growing lights and was used

to map and verify instantaneous lighting intensity at the start of each experiment.  During the

experiments, these sensors were placed on one of the levels in each rack and their data was used

to confirm that the lighting schedule was followed.  There was no detectable drop in lighting

intensity between experiments.

2.2. Model Calibration Data Collection

In order to generate calibration data for a lettuce crop growth model, six crops of Lactuca Sativa

L. (three Butterheads: cv. ‘Pascal’, cv. ‘Seurat’, and cv. ‘Rex’, and one Oakleaf: cv. ‘Rouxaï’)

were grown under different environmental conditions.  Because the model was designed to

accumulate plant biomass under varying environmental conditions, it was important to validate

the model’s ability to estimate biomass under time-varying conditions.  Therefore, one crop was

grown under constant setpoints, while the five others were grown under conditions which

changed mid way through their development.  Specifically, for these five crops, grown

simultaneously in the same chamber, the atmospheric CO2 concentration was changed at 12 days

after transplant.  All other factors were held constant.

The data collected from these six crops was used to calibrate and modify a model previously

used for GH environments.  The model parameters were adjusted in order to minimize the error

of the model-predicted-biomass against the actual-measured-biomass across the entire crop
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development period.  This allowed the model to make reasonably accurate predictions of

biomass at any time in a crop’s development.  Table 1 summarizes the cultivars and

environmental conditions for these crops.  These environmental conditions were selected based

on data previously gathered in the VF about when tip-burn would appear, in order to avoid the

condition and keep the onset of tipburn from influencing the model (Caplan, 2018).

Table 1. Target Aerial and Lighting Environmental Setpoints for crops 1-6.  Listed are the

growing conditions of the aerial and lighting environment for crops used to generate calibration

data for the predictive growth model.

Crop Condition Cultivar [CO2]
0-12
DAT
(ppm)

[CO2]
12-28
DAT
(ppm)

Photo
period

(hr)

PPFD
(μmol

m-2

s-1)

DLI
(mol
m-2

day-1)

Photo
period
Temp.
(°C)

Dark
Period
Temp.
(°C)

VPD
(kPa)

1 static 50:50 mix
Pascal (green)
& Seurat (red)

400 400 16 201 11.6 23 19 1.0-1.2

2 varying Pascal 400 900 16 201 11.6 23 19 1.0-1.2

3 varying Rex 400 900 16 217 12.5 23 19 1.0-1.2

4 varying Rex 400 900 16 250 14.4 23 19 1.0-1.2

5 varying Rouxaï 400 900 16 217 12.5 23 19 1.0-1.2

6 varying Rouxaï 400 900 16 250 14.4 23 19 1.0-1.2
Abbreviations: [CO2]-Concentration of carbon dioxide, DAT-Days After Transplant (days), PPFD-Photosynthetic

Photon Flux Density (μmol m-2 s-1), DLI-Daily Light Integral (mol m-2 day-1), Temp.-Temperature (°C), VPD-Vapor

Pressure Deficit (kPa).

Pure CO2 was injected into the facility from externally stored high pressure steel cylinders (UN

ISO 9809-1, 250 CF).  The nutrient solution used for all crops was a modified Haogland's

solution specific to lettuce crops.  For mature crops, full strength solution was used and had a

target electrical conductivity (EC) of 1.8 dS m-1. For propagation, half strength solution was

used.  In both cases, the target potential of hydrogen (pH) was 5.8-6.0, and pH control was done

using nitric acid.
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Seedlings for these crops were germinated and matured using half strength nutrient solution in a

GH for roughly 14 days, until they were large enough for transplant (about 4 cm across from

leaf-tip to leaf-tip).  They were then relocated to the vertical farm facility for 28 days until final

harvest.  Sample plants were taken and measured from the crops at regular intervals.  For crops 3

through 6, these samples were done in seven day intervals; however, for crops 1 and 2, samplings

were clustered closer together (4 days apart) in order to accommodate comparisons of biomass to

top projected canopy area (TPCA) as measured by the computer vision system.  All crops were

sampled, measured, and completely harvested at 28 days after transplant (DAT).  The sample

measurements included fresh mass (FM) and dry mass (DM) measurements of both shoot and

root biomass.  Sample size was eight (n=8) randomly selected plants for all but crop 1, where the

sample size was ten (n=10) randomly selected plants (5 ‘Pascal’ and 5 ‘Seurat’).  Measurements

of FM were taken immediately after harvest, and plant tissues were then dried for at least 3 days

(or until all water had been driven off and mass stabilized) at 65 °C in order to measure DM.

Table 2 shows the sampling times and sizes for each crop.

Table 2. Sample Times and Sizes by Crop.  Listed are the sampling times and sample sizes for

each crop that contributed to model calibration data.

Time of Sampling (in DAT)

0 7 10 12 14 16 18 20 21 22 28

Crop Sample Size (number of plants sampled, n)

1 10 10 10 10 10

2 8 8 8 8 8

3 – 6 8 8 8 8 8

Due to a very similar growth habit between the cultivars, a Student’s t-test was used to determine

the statistical significance of differences between the masses of ‘Pascal’ and ‘Seurat’ plants in

crop 1.  These differences were not significant at the 95% confidence level, so these plant data

were aggregated into a single sampling (n=10) thereafter.
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2.3. Top Projected Canopy Area (TPCA) Experiment

A second experiment was performed during the development of crops 1 and 2.  The purpose of

the experiment was to gather Top Projected Canopy Area (TPCA) data so that TPCA could be

evaluated as a proxy for biomass and its suitability as a feedback signal for an automated control

system could be assessed.  Because the atmospheric environment was varied for this experiment,

these two crops were grown consecutively rather than concurrently.  The salient variable in this

experiment was CO2 concentration.  Crop 1 was grown for 28 DAT with a constant CO2 of 400

ppm, while crop 2 was grown at 400 ppm for the first 12 days and then at 900 ppm until final

harvest at 28 DAT.  Images were taken of a subsection of the canopy during the development of

both crops.  A single multispectral camera (RedEdge, MicaSense, WA, USA) was used to gather

images in 5 different spectral channels (blue, green, red, far-red, and near-infrared) every 15

minutes.  After image capture, custom built image processing software first segmented the leaf

area from the background image and then counted the number of pixels of leaf contained in a

representative portion of each image.  A reference area whose dimensions were known, was used

to find the proportion of area to pixels at the depth of the growing plane.  This proportion was

then multiplied by the number of leaf pixels counted earlier to calculate the area of the visible

leaf as viewed from above (the TPCA) in each image for both crops 1 and 2.  At the same time,

biomass measurements were taken as described in the previous section.  Together, these data sets

were graphed for comparison and analysis.

2.4. Model Validation Experiment

In a third, subsequent experiment, the model’s ability to make predictions under changing

environmental conditions was evaluated.  This experiment also tested the effects of timing on

CO2 treatment.  Four additional crops (crops 7-10) of cultivar ‘Rouxai’ were grown as CO2

conditions were varied by week.  For crops 7 through 10, the CO2 was kept high for the 4th

through 1st week, respectively, and CO2 remained at near-ambient conditions for all other weeks.

The growing period for these crops was staggered across 7 weeks, such that all crops shared the
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same CO2 treatment but at different times in their development (see Figure 1).  The lower CO2

setpoint was 450 ppm and the high setpoint was 900 ppm.

Biomass measurements of shoot FM and DM were taken at transplant and at 7-day intervals

from all crops until harvest.  Additionally, at 0 DAT a measurement of root FM and DM was

taken of crop 7 in order to gather more complete data for the root allocation function of the

predictive model of crop biomass.  The sample size for all these measurements was eight (n=8).

Figure 1. Experimental design for the validation experiment.  Room CO2 is kept constant at 450 ppm until the

beginning of week 3 when it changes to 900 ppm.  At the beginning of week 4, it drops again to 450 ppm.  In this

way, each crop experiences the treatment at a different time in its development.  Samples were taken for all levels at

the beginning and end of each week of development.

Since having a consistent starting point was critical for this experiment, propagation was done in

the vertical farm facility rather than a GH.  Seedlings were placed in an environment of 100

μmol m-2 s-1 for 16 hours a day for 3 days to germinate; then, the intensity was adjusted to 200

μmol m-2 s-1 for 16 hours a day for the next 11 days, for a total of 14 days from seeding until

transplanting.  Seedlings were given half strength modified Hoagland nutrient solution for the

duration of this period, and on the day of transplant their fresh and dry shoot mass was measured

to be used as a starting point for the model.
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The aerial environmental setpoints for this experiment were much the same as for the previous

two, except for CO2 concentration and timing.  Table 3 lists the aerial environmental set points

for crops 7-10.

Table 3. Target Aerial and Lighting Environmental Setpoints for crops 7-10.  Listed are the

growing conditions of the aerial and lighting environment for crops used to test and validate the

predictive growth model.

Crop Condition Cultivar [CO2]
0-12
DAT
(ppm)

[CO2]
12-28
DAT
(ppm)

CO2

high
during
(WAT)

Photo
period

(hr)

PPFD
(μmol

m-2

s-1)

DLI
(mol
m-2

day-1)

Photo
period
Temp.
(°C)

Dark
Period
Temp.
(°C)

VPD
(kPa)

7 varying Rouxaï 450 900 4th 16 201 11.6 23 19 1.0-1.2

8 varying Rouxaï 450 900 3rd 16 201 11.6 23 19 1.0-1.2

9 varying Rouxaï 450 900 2nd 16 201 11.6 23 19 1.0-1.2

10 varying Rouxaï 450 900 1st 16 201 11.6 23 19 1.0-1.2
Abbreviations: [CO2]-Concentration of carbon dioxide, DAT-Days After Transplant (days), WAT-Week After

Transplant (weeks), PPFD-Photosynthetic Photon Flux Density (μmol m-2 s-1), DLI-Daily Light Integral (mol m-2

day-1), Day Temp-Air temperature during the photoperiod (°C), Night Temp-Air temperature during the dark period

(°C), VPD-Vapor Pressure Deficit (Pa).

3. Results and Discussion

In this section, the crop biomass predictive model is introduced along with an explanation of

modifications made to it.  Results of model simulations based on the measured environmental

conditions during the experiments are then presented, and model prediction accuracy from the

validation experiment is discussed.  Furthermore, area measurements for TPCA are presented

and its utility as a feedback tool and limitations of edge effects are discussed.  Future directions

of research are considered for both the predictive model and for computer vision based biomass

measurements.

3.1. Model Calibration

The model used in the current research was adapted from a physiological model, using

differential equations, developed by van Henten (1994).  Starting from an initial mass at
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transplant, the model uses input environmental conditions (specifically: air temperature, CO2,

and light intensity) to iteratively predict changes in structural (cell walls/proteins) and

non-structural (sugars/starches) biomass on a dry-mass-basis.  Physiological parameters for the

model such as carboxylation conductance, leaf area ratio, light use efficiency, and others were

gathered by van Henten from literature and were, in most cases, general estimates for lettuce as a

species.  Thus, differences between cultivars and differences across development were not

reflected in the model results.  Figure 2 contains a simplified flow chart showing model

dynamics.

Figure 2. Model Dynamics for the predictive growth model.

Five adjustments were made to van Henten’s model as originally presented in order to increase

its accuracy compared to the observed biomass based on observations from crops 1-6.  First, an

updated value for CO2 density, cω, was used; this change increased both the precision and

accuracy of the value.  The new value for the density of CO2 is 1.893⨯103 g m-3, and is given for

a temperature of 15 °C and a pressure of 1.01325⨯105 Pa (interpolated from Table 5 of Anwar &

Carroll, 2016).  Second, a “yield factor”, cβ, representing growth losses due to respiration and
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synthesis of non-structural material, was changed from a value of 0.8 to 0.72.  This alternate

value is even suggested as a possibility by van Henten (1994) based on a measurement by van

Keulen et al. (1982), and the change significantly lowers biomass predictions throughout

development, improving accuracy across the entire time domain.  Third, CO2 compensation

point, cΓ, was increased until a good match between model predictions and observed data was

found.  This increased its value from 40.0 ppm to 71.5 ppm.  Current research has shown that

CO2 compensation point is a function of light intensity at the time of leaf development (He et al.,

2009).  Because the model’s original parameters were for a GH setting, where sunlight is the

light source, higher intensities were probable, and the lower value of 40.0 ppm was likely to be

accurate.  However, in the VF setting, the lighting intensities tend to be lower, so a higher value

for compensation point is more reasonable.  He et al. (2009) showed compensation points of

around 60 ppm for lettuce grown at 240 μmol m-2 s-1, thus the slightly higher value of 71.5 ppm

was considered reasonable.  This change had a larger effect on predictions when input

environmental CO2 was low, and was particularly useful for increasing accuracy for crop 1 where

CO2 was low throughout.  Fourth, a function for root allocation was added, replacing a constant

cτ.  Root allocation is the ratio of root dry mass to total plant dry mass.  This was done to

improve the accuracy of the model across time, as it was overestimating shoot mass in early

development and underestimating it in later development.  The original constant value of 0.15

was based on measurements of soil plants, while the new function was based on data taken from

crops 1-7 (grown in DWC) and has values between 0.0788 and 0.203, peaking in week one and

then tapering off exponentially toward harvest.  The new function for root allocation makes use

of the gamma distribution from the field of Statistics (see Figure 3).
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Figure 3. Root allocation function added to the predictive model, replacing a constant.  This function estimates the

proportion of dry mass allocated to root production.  Also plotted are the measured values which guide the shape of

the functions.

The final modification to the model was the addition of a function for estimating water content; it

is called the dry mass ratio function.  This addition allowed the model to convert its output from

dry mass to fresh mass.  The function was fit to the observed data from crops 1-7.  Similarly to

the root allocation function, the dry mass ratio function makes use of the gamma distribution

(Figure 4).
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Figure 4. Dry mass ratio function (aka the “not-water” function).  This function was added to the predictive model

for estimating the amount of fresh mass on a moment-by-moment basis.  Also plotted are the measured values which

guide the shape of the function.

Measured and predicted fresh lettuce head biomass is shown in Figure 5 along with the CO2

concentration, light intensity, and temperature used to model the biomass predictions.

Predictions are based on a measurement of initial biomass at DAT 0.  The CO2 and temperature

measurements were directly measured from the aerial environment in which each crop was

grown, while the light intensity was derived from actual measurements of the on/off state of the

lights, but the magnitude of the signal has been adjusted to reflect the measurements before each

experiment began.  A 10% reduction in light magnitude was simulated and is shown to account

for reduced diffuse lighting as the canopy developed. It was found that the predictions of the

modified model were in good agreement with measured fresh shoot biomass.
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Figure 5. Observed and predicted fresh biomass for crops 1-6, along with the CO2 concentration, light intensity, and

temperature used to model the predictions.  These environmental values reflect the actual conditions in which the

crops were grown.
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3.2. Top Projected Canopy Area

Computer vision calculated top projected canopy area (TPCA) and measured fresh mass for two

crops in different sets of environmental conditions, one with CO2 kept constant at 400 ppm and

the other with CO2 increased from 400 ppm to 900 ppm at day 12, are presented on Figure 6.

As can be seen from the data, a very close estimation of biomass can be achieved during the first

18-20 DAT of development by multiplying the TPCA graph by a scalar value.  In this study, the

value of 0.21 g cm-2 was determined to provide good results for both crops grown under the same

lighting conditions.  However, it is important to note that because the rate of canopy expansion is

dependent on factors such as light intensity, light spectrum, and cultivar, this scaling factor

should be adjusted depending on the conditions to be used for crop production.  Thus, instead of

being a scalar, the conversion from area to mass should be a function of these other factors,

especially in systems where these factors can be varied.
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Figure 6. Computer vision calculated TPCA and measured Fresh Mass.  Left.) Crop 1 where CO2 is kept constant.

Right.) Crop 2, where CO2 is increased from 400 ppm to 900 ppm at day 12.
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Additionally, TPCA was evaluated for its utility as a feedback tool.  Figure 7 shows the two

TPCA graphs together along with time of CO2 treatment. Prior to the treatment, the rates of

canopy expansion indicated by TPCA are nearly equal, and they begin to diverge almost

immediately upon the start of treatment.  This divergence continues to expand until about 18

DAT.  After 20 DAT, the closure of the canopy causes the two signals to once again converge as

horizontal expansion of each plant (and the TPCA measurement itself) begins to be influenced

by its neighbors.  This indicates that, prior to canopy closure, TPCA has potential to be used for

detecting deviations in growth due to changes in CO2 conditions.  It also shows that TPCA may

be a useful part of a feedback system for a dynamic control system.

Figure 7. TPCA comparison graphs for two crops: one grown at constant 400 ppm CO2 concentration and the other

where CO2 is increased from 400 ppm to 900 ppm at day 12.  TPCA appears to diverge about the same time as the

treatment begins.

In order to reduce edge effects on TPCA signal, the sampled crop image area was reduced, and

only a single planting hole’s worth of image area was considered rather than the 4-6 plants

originally envisioned.  Because of this the standard deviation of the signal was not characterized,
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and it remains uncertain just how much deviation in the TPCA signal is required to demonstrate

off-nominal conditions.  If the 95% confidence interval for biomass measurements are scaled and

then superimposed on the TPCA signal (as in Figure 6), it appears that divergence may require

several additional days to confirm for the n = 8 sample size.  This could be improved, however,

by imaging a larger area.

3.3. Model Validation

In this experiment, CO2 was kept high (900 ppm) during only a single week of a crop’s

development and low (450 ppm) at all other times.  The model’s predictions about crop

performance are shown in Figure 8.  The predictions indicated that more developed crops were

able to make better use of the increased CO2 levels and accumulated more biomass.
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Figure 8. Predicted growth functions under various CO2 scenarios.  Shown also are the environmental conditions and

the final predicted head fresh mass for each scenario.  Top left, CO2 is held at 450 ppm for all 4 weeks. Bottom left,

CO2 is held high at 900 ppm for all 4 weeks.  Top middle, CO2 is kept high only in the 1st week after transplant.  Top

right, CO2 is kept high only in the 2nd week after transplant.  Bottom middle, CO2 is kept high only in the 3rd week

after transplant.  Bottom right, CO2 is kept high only in the 4th week after transplant.
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These predictions were supported by measurements from crops 7 through 10.  The measured

results for the final harvest of these crops are shown in Figure 9 along with the model’s

predictions.  Predictions for fresh biomass fell within the confidence intervals for observed

values for all crops except for the crop where CO2 treatment was during the first week after

transplant.  This is possibly because the model slightly underpredicts growth in very early

development.  The poor accuracy for early predictions during high CO2 in week 1 of the model

then caused later predictions to overshoot.  Overall, the model performed well and was able to

predict the empirically observed upward trend of biomass for high CO2 in later development.

Figure 9. Measured (blue dots) and the predicted (green dots) fresh mass at 28 DAT for the CO2 time varying

validation experiment.

4. Conclusions and Recommendations

This section introduces 3D graphical representations of the effects of possible environmental

settings and discusses future directions for plant-feedback research and for suggested

improvements to the predictive growth model.

4.1. Co-optimization of Environmental Variables

Just as the model was able to predict growth trends under time-varying conditions, it was also

useful for making predictions under constant conditions.  This information could be used as part
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of a decision support system for finding more efficient environmental setpoints for growing

lettuce (even absent dynamic control), identifying potential resource savings, and as a tool for

improving experimental design.  For example, Figure 10 provides 3D visualizations of how

different sets of constant environmental conditions are predicted to affect growth.

Figure 10. Three dimensional graphs of dry mass yield on day 28 after transplant.  Calculated with respect to CO2

concentration, temperature, and daily light integral for crops grown in constant environmental settings as modelled

by the updated model.

The model predictions showed that dry biomass yield was optimal at air temperatures in the

vicinity of 12 °C and that tripling CO2 from the ambient could drive this optimal temperature up

to 15 °C.  This is consistent with current understanding of the physiology of photosynthesis,

where increased CO2 improves efficiency by reductions in photorespiration.  In contrast,

increases in DLI were predicted to lower the optimal air temperature, which shifted from an

optimum near 20°C at very low light levels to an optimum of about 12 °C at higher levels.

Notably, these temperatures are lower than those often used for lettuce production.  These

increases in yield, though small, are likely caused by reduced metabolic sugar consumption

outpacing reductions in photosynthesis at lower temperatures.

When holding temperature constant, the relationship between yield and CO2 is always positively

correlated; however, there are diminishing returns as CO2 levels increase.  This is consistent with

known relationships between growth and CO2.  Meanwhile, yield vs DLI remains quite linear.

Again, this is consistent with known growth patterns, as a 1% increase in light is typically
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associated with a 1% growth.  It should be emphasized that, while this trend would continue

indefinitely in the modelled crops, real crop growth would find a limit at extreme CO2 and DLI

(e.g. from tipburn or CO2 toxicity).  Therefore, it is important to restrict model use to values near

those which have been previously validated (i.e. the central regions of the graphs of Figure 10).

From the model predictions and from correlation graphs like those in Figure 10, it is possible to

identify points of maximal crop productivity for temperature.  Meanwhile, combined with cost

information for energy and for carbon dioxide production, shipping, and storage, exchanges

between CO2 concentration and DLI can be evaluated using contours of constant yield.  For

example, the model predicted yield at 18.3 DLI at 400 ppm CO2 is nearly identical to the yield at

13.8 DLI at 900 ppm CO2, yet the cost of an extra 32.6% light is far greater than the cost of more

than doubling the CO2 concentration.  This type of information can be used as a strategic tool for

co-optimization of environmental variables for crop growth, for creating desired growing set

points, and for evaluating hypothetical scenarios towards identifying potential resource saving

opportunities.

The model can also be further configured to accept hypothetical environmental conditions and

compute expected growth curves for the given conditions.  This information, especially coupled

with data about the physical expansion of the plant (such as TPCA), can then be used by

researchers and engineers to design experiments, planting layouts, or growth chambers.

4.2. TPCA as a Proxy for Biomass

This study evaluated the rate of crop expansion using TPCA as a proxy for biomass particularly

with respect to CO2.  However, because the rate of leaf expansion and overall compactness of

lettuce plants is affected by both light intensity and spectrum, it is critical that the way these two

factors influence both biomass and TPCA expansion be characterized before TPCA can become

an accurate proxy for biomass.  This is especially true in dynamic lighting environments.

Ideally, the effect of light on TPCA should be mapped out over a range of different intensities

and for various commonly used light spectrums.  With this data, it would then be possible to
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create approximate mappings from TPCA to biomass under variable conditions.  This would

allow the TPCA to biomass scaling factor used in this research to be replaced with a conversion

factor which is a function of light intensity and spectrum and allow enhanced accuracy when

correlating between TPCA and biomass.

Future research on TPCA should seek to measure a greater number of plants, ideally the entire

canopy.  Smaller sampling areas are subject to distorted signals from anomalous growth and can

have significant edge effects from plants growing beyond (or into) the field of view.  With a

complete orthomosaic of the growing area, (prior to canopy closure) each plant can then be

segmented and measured independently.  TPCA then can be represented as a canopy-wide mean

and standard deviation.  This improves TPCA’s use as a diagnostic tool because unexpected

changes in the TPCA’s standard deviation can indicate non-uniform growth.  This fact might also

be used by a control system to indicate the presence of disease or equipment failure and allow

the system to signal a need for human intervention.

The onset of canopy closure leads to a drowning out of the TPCA signal.  For this reason, it is

desirable that some other metrics be able to supplement TPCA.  There are several other computer

vision factors which may be measured and could aid in real-time, remote-assessment of biomass:

for example, plant height, image texture, and spectral indexes.  It is likely that taking these

factors together and including information about cultivar, light intensity and light spectrum,

experiments could be run to create biomass data that can be used to train a neural network to

create very accurate estimations of biomass.  Uncompressed, at 15 minute intervals, the image

data from 5 channels required about 33 GB per experiment.  After downsampling to 1 hour

intervals, image processing to remove background, and video compression, this was reduced to

about 24 MB, making long term storage of growth videos of several thousand crops very

affordable.  Thus, a project to create a training database for machine learning using TPCA, image

texture, or spectral data as a metric could be a viable and useful tool for improving growth

modeling.  Future research should explore this possibility due to its strong potential for use as
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not only a feed-back tool for dynamic control but also a tool for modelling, stress detection, and

disease management.

4.3. Future Model Improvements

There are still various constants and growth parameters within the modified crop biomass yield

prediction model which were estimated by a single constant value, representing an average

across all time.  These variables can be replaced with functions of time in a similar manner to the

root allocation function that was modified in the current study.  Parameters such as leaf area

ratio, respiratory and synthesis losses, and extinction coefficient can be considered for such

modification as they are the most likely to change significantly with time.  The existing

time-based functions, including the ones developed in the current study, should be improved in

their temporal resolution particularly in the first week of crop development, since differential

equations are quite sensitive to initial conditions.  This can be done by repeating the calibration

experiments and taking biomass measurements while sampling daily during the first week of

crop growth after transplanting.

Furthermore, some parameters should also be evaluated for how their values change under

various environmental conditions.  These parameters, rather than being functions of time, would

become functions of the environmental inputs.  For instance, leaf area ratio, extinction

coefficient, respiration rate, and CO2 compensation point are likely to change based on lighting

intensity.  CO2 compensation point especially has been shown to change by almost 50% as

lighting setpoints decrease from outdoor intensities to levels found in VFs (He et al., 2009).

Accurate characterization of these changes could greatly improve model accuracy.

Moreover, the range of environmental conditions for which the model is known to be valid can

be expanded by growing additional calibration crops at higher light intensities, other air

temperature ranges, and differing CO2 levels.  Exploring other cultivars would also be

worthwhile.  To improve model performance during early crop development, more frequent

sampling of biomass in future calibration crops can be considered: for instance, sampling every 1
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to 2 days in the first week and every 4 to 7 days thereafter.  At higher growth rates, the tipburn

problem can be characterized and the risk of tipburn, its severity, and time of onset of symptoms

can become an output of the crop growth model.  This would allow the grower or the

environmental control system to avoid yield loss due to tipburn.

The model could further benefit from the addition of equations for modelling the interaction of

stomata, RH, and leaf boundary layer characteristics.  In this study, the model calculated

carboxylation conductance from two constants and an equation of temperature.  Two of these

constants, stomatal conductance and boundary layer conductance, could be formulated as

functions of the environmental conditions.  For instance, a plant will adjust its stomatal

conductance based on factors such as light intensity (particularly blue light), VPD, and CO2, and

boundary layer conductance is a function of air current speed.  Modifying the model to

accommodate these changes would not only improve accuracy, but also provide a mechanism for

predicting (and avoiding) conditions which might lead to tipburn.
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APPENDIX B: Crop Growth and Yield Prediction Model

Model Overview and Computation Analysis

Following is a detailed explanation of the predictive growth model for lettuce.  The parameters

and equations used in the model are presented.  Except for five changes made to the model

parameters, the rationale for the values used for the physiological constants are explained in the

original paper by van Henten, 1994.  The rationale for the five changes is explained in the

manuscript in Appendix A.

Fundamentally, the model is built from a set of differential equations which arrive at a sequence

of intermediate and final solutions by Euler’s Method.  The amount of dry matter created by

photosynthesis and allocated to biomass is calculated in the equations by using measurements

from literature and observations of the physiological parameters from the calibration crops to

estimate the rates of various facets of plant metabolism under the given environmental conditions

at each moment in time.  The output for final plant biomass can be used to calculate harvest

yields, and, because the model iteratively solves for dry mass at every point in the time domain,

the model can also provide a way of evaluating a plant’s development.

The model, as it is currently programmed, uses a time step of 1 hour.  Various smaller time steps

were also considered, but the difference in final weights for smaller timesteps was less than a

tenth of a gram.  Larger time steps may allow for reduced computing time, but since many cost

related features such as weather forecasts and power company fee-metrics have at least 1 hour

granularity, it would likely be counterproductive to attempt to increase the time step further when

attempting to optimize for resource costs.  With the current, 1-hour time step, running linearly on

a single core of a 3.6 GHz processor, and simulating 28 days of growth (672 time steps), the

typical run time for the simulation is around 5 seconds without any low level processing

optimization.  This gives any machine learning algorithm at least 17,280 simulations to attempt

to find an optimal set of future environmental conditions each day, assuming no parallel

processing.  This should be enough to approach an optimal solution for many types of machine

learning.  Moreover, as a crop develops, updated information can be included about the state of
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the crop, and the solutions for past environmental conditions may be cached, meaning only

future iterations need be considered.  Thus, with fewer time steps to compute, less

computation-time will be required, and more simulations may be completed with each passing

day.

Model Equations

The equations used by the model are listed below.  Carboxylation conductance is calculated as:

(Eq. 1)𝑔
𝑐𝑎𝑟

(𝑇) =  𝑐
𝑐𝑎𝑟1

𝑇2 + 𝑐
𝑐𝑎𝑟2

 𝑇 +  𝑐
𝑐𝑎𝑟3

Where is the carboxylation conductance, , is air temperature in °C and , , and𝑔
𝑐𝑎𝑟

𝑇 𝑐
𝑐𝑎𝑟1

𝑐
𝑐𝑎𝑟2

are empirically defined constants in a parabolic equation of temperature estimating the𝑐
𝑐𝑎𝑟3

carboxylation conductance.  Then, the canopy conductance for CO2 diffusion is determined as:

(Eq. 2)𝑔
𝐶𝑂2

(𝑔
𝑐𝑎𝑟

) =  
𝑔

𝑏𝑛𝑑
·𝑔

𝑠𝑡𝑚
·𝑔

𝑐𝑎𝑟

(𝑔
𝑏𝑛𝑑

·𝑔
𝑠𝑡𝑚

+𝑔
𝑏𝑛𝑑

·𝑔
𝑐𝑎𝑟

+𝑔
𝑠𝑡𝑚

·𝑔
𝑐𝑎𝑟

)

Where is the canopy conductance for CO2 diffusion, is the boundary layer𝑔
𝐶𝑂2

𝑔
𝑏𝑛𝑑

conductance of typical lettuce leaves, is the average stomatal conductance, and is the𝑔
𝑠𝑡𝑚

𝑔
𝑐𝑎𝑟

carboxylation conductance as previously defined.

The model calculated the CO2 compensation point as:

(Eq. 3)Γ(𝑇) =  𝑐
Γ
𝑐

𝑄10Γ
(𝑇−20)/10
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Where, is the CO2 compensation point, is the CO2 compensation point at 20 °C, is theΓ 𝑐
Γ

𝑐
𝑄10Γ

Q10 factor (the chemical reaction temperature coefficient) for the CO2 compensation point, and 𝑇

is the air temperature in °C.

The light use efficiency is determined by:

(Eq. 4)ϵ(Γ) =  𝑐
ϵ
 

(𝐶𝑂
2
 − Γ)

(𝐶𝑂
2
 + 2Γ)

Where is the light use efficiency, is the light use efficiency at very high CO2 concentrations,ϵ 𝑐
ϵ

is the current CO2 concentration in ppm, and is the CO2 compensation point as previously𝐶𝑂
2

Γ

defined.  Then, the gross carbon dioxide assimilation rate of a fully closed canopy is calculated

by:

(Eq. 5)𝑓
𝑚𝑎𝑥

(ϵ, Γ, 𝑃𝐴𝑅, 𝐶𝑂
2
) =  

ϵ·𝑃𝐴𝑅·𝑔
𝐶𝑂2

·𝑐
ω

(𝐶𝑂
2
−Γ)

ϵ·𝑃𝐴𝑅 + 𝑔
𝐶𝑂2

·𝑐
ω

(𝐶𝑂
2
−Γ)

Where is the gross carbon dioxide assimilation rate of a fully closed canopy ( in𝑓
𝑚𝑎𝑥

𝑓
𝑝ℎ𝑜𝑡,𝑚𝑎𝑥

van Henten’s original nomenclature), is the light use efficiency, is the current inputϵ 𝑃𝐴𝑅

photosynthetically active radiation in μmol/m2·s, is the canopy conductance for CO2𝑔
𝐶𝑂2

diffusion, is the density of CO2, is the current CO2 concentration in ppm, and is the𝑐
ω

𝐶𝑂
2

Γ

CO2 compensation point.

The specific growth rate is determined using:

(Eq. 6)𝑟
𝑔𝑟

(𝑋
𝑛𝑠𝑑𝑤

, 𝑋
𝑠𝑑𝑤

, 𝑇) = 𝑐
𝑔𝑟,𝑚𝑎𝑥

 
𝑋

𝑛𝑠𝑑𝑤
[𝑖−1]

(𝑐
γ
·𝑋

𝑠𝑑𝑤
[𝑖−1]+𝑋

𝑛𝑠𝑑𝑤
[𝑖−1]) · 𝑐

𝑄10𝑔𝑟
(𝑇−20)/10
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Where is the specific growth rate, is the saturation growth rate at 20 °C,𝑟
𝑔𝑟

𝑐
𝑔𝑟,𝑚𝑎𝑥

𝑋
𝑛𝑠𝑑𝑤

[𝑖 − 1]

is the non-structural dry weight for the previous step, is a growth rate tuning parameter,𝑐
γ

is the structural dry weight for the previous step, is the factor for growth,𝑋
𝑠𝑑𝑤

[𝑖 − 1] 𝑐
𝑄10𝑔𝑟

𝑄
10

and is the air temperature in °C.𝑇

The maintenance respiration is defined as:

𝑓
𝑟𝑒𝑠𝑝

(𝑋
𝑠𝑑𝑤

, 𝑓
τ
, 𝑇) =  (𝑐

𝑟𝑒𝑠𝑝,𝑠ℎ𝑡
(1 − 𝑓

τ
)𝑋

𝑠𝑑𝑤
[𝑖 − 1] + 𝑐

𝑟𝑒𝑠𝑝,𝑟𝑡
𝑓

τ
𝑋

𝑠𝑑𝑤
[𝑖 − 1]) 𝑐

𝑄10𝑟𝑒𝑠𝑝
(𝑇−25)/10

(Eq. 7)

Where is the maintenance respiration, is the maintenance respiration coefficient for𝑓
𝑟𝑒𝑠𝑝

𝑐
𝑟𝑒𝑠𝑝,𝑠ℎ𝑡

lettuce shoots at 25 °C, is the ratio of the root dry weight: a function of time (formerly this𝑓
τ

was , a constant), is the structural dry weight for the previous step, is the𝑐
τ

𝑋
𝑠𝑑𝑤

[𝑖 − 1] 𝑐
𝑟𝑒𝑠𝑝,𝑟𝑡

maintenance respiration coefficient for lettuce roots at 25 °C, is the Q10 factor for𝑐
𝑄10𝑟𝑒𝑠𝑝

maintenance respiration, and is the air temperature in °C.𝑇

The gross canopy photosynthesis rate is calculated using:

(Eq. 8)𝑓
𝑝ℎ𝑜𝑡𝑜

(𝑋
𝑠𝑑𝑤

, 𝑓
τ
, 𝑓

𝑚𝑎𝑥
) =  (1 − 𝑒

−𝑐
κ
·𝑐

𝐿𝐴𝑅
·(1−𝑓

τ
)·𝑋

𝑠𝑑𝑤
[𝑖−1]

)𝑓
𝑚𝑎𝑥

 

Where is the gross canopy photosynthesis rate, is the extinction coefficient for a closed𝑓
𝑝ℎ𝑜𝑡𝑜

𝑐
κ

canopy of a planophile crop, is a representative estimate of the structural leaf area ratio for𝑐
𝐿𝐴𝑅

lettuce in general (though it likely varies between cultivars), is the ratio of the root dry weight:𝑓
τ

a function of time (formerly this was , a constant), is the structural dry weight for𝑐
τ

𝑋
𝑠𝑑𝑤

[𝑖 − 1]
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the previous step, and is the gross carbon dioxide assimilation rate of a fully closed canopy𝑓
𝑚𝑎𝑥

( in vanHenten’s original nomenclature).𝑓
𝑝ℎ𝑜𝑡,𝑚𝑎𝑥

Finally, the change in structural dry weight is determined by:

(Eq. 9)𝑑(𝑠𝑑𝑤) =  (𝑟
𝑔𝑟

· 𝑋
𝑠𝑑𝑤

[𝑖 − 1])𝑑𝑡

Where is the change in structural dry weight, is the specific growth rate,𝑑(𝑠𝑑𝑤) 𝑟
𝑔𝑟

is the structural dry weight for the previous step, and is the time step (in this case𝑋
𝑠𝑑𝑤

[𝑖 − 1] 𝑑𝑡

1 hour).  And, the change in non-structural dry weight is determined using:

𝑑(𝑛𝑠𝑑𝑤) = (𝑐
α
𝑓

𝑝ℎ𝑜𝑡𝑜
− 𝑟

𝑔𝑟
𝑋

𝑠𝑑𝑤
[𝑖 − 1] − 𝑓

𝑟𝑒𝑠𝑝
−

1−𝑐
β

𝑐
β

𝑟
𝑔𝑟

𝑋
𝑠𝑑𝑤

[𝑖 − 1])𝑑𝑡

(Eq. 10)

Where is the change in non-structural dry weight, is the mass conversion ratio of𝑑(𝑛𝑠𝑑𝑤) 𝑐
α

sugar to CO2 (each carboxyl group’s molecular mass is 30 atomic mass units, and CO2’s mass is

44 atomic mass units), is the gross canopy photosynthesis rate, is the specific growth𝑓
𝑝ℎ𝑜𝑡𝑜

𝑟
𝑔𝑟

rate, is the structural dry weight for the previous step, is the maintenance𝑋
𝑠𝑑𝑤

[𝑖 − 1] 𝑓
𝑟𝑒𝑠𝑝

respiration, is the yield factor (a measure of respiratory and synthesis losses during growth),𝑐
β

and is the time step (in this case 1 hour).𝑑𝑡

The values and units for each of the model inputs are given in Table B.1, and for the model

parameters they are given in Table B.2.
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Table B.1. Model Inputs. Listed are the inputs used in the growth model with one change.  The

PAR input was changed from a measure of light power density to a measure of PPFD.

Symbol Value Units Description

𝑇 Input Variable °C Air temperature

𝐶𝑂
2 Input Variable ppm CO2 concentration of room air

𝑃𝐴𝑅 Input Variable
W m-2

μmol m-2 s-1

Photosynthetically Active Radiation, Power Density

(Converted to PPFD for use in VF by assuming sunlight and

blue sky in original model)

The original model measured light in terms of power density in units of W m-2; however, in a

vertical farm, light intensity is usually measured in PPFD with units of μmol m-2 s-1.  In order to

allow the use of PPFD as an input, the program converts input PPFD into the underlying units of

W m-2.  Because the model was based on greenhouse crops, the expected input light would have

been sunlight; therefore, a conversion factor of 4.57 W m-2 per μmol m-2 s-1 is used.  This is the

conversion factor for sun and sky in daylight (Thimijan, 1983).

Table B.2. Model Constants.  Listed are the constants used in the growth model largely as

defined in van Henten (1994); however, a few changes have been made.  The constants , ,𝑐
β

𝑐
ω

and were redefined and the constant was replaced with a function .  This was done as𝑐
Γ

𝑐
τ

𝑓
τ

described in Section 3.1 of Appendix A in order to increase the model’s accuracy.

Symbol Value Units Description

𝑐
α 30/44 unitless Mass conversion ratio for sugar to CO2

𝑐
β 0.72 unitless

Yield factor

(Updated from original value of 0.8)

𝑐
𝑔𝑟,𝑚𝑎𝑥 5 × 10-6 s-1 Saturation growth rate at 20 °C

𝑐
γ 1 unitless Growth rate coefficient

𝑐
𝑄10𝑔𝑟 1.6 unitless Q10 factor for growth

𝑐
𝑟𝑒𝑠𝑝,𝑠ℎ𝑡 3.47 × 10-7 s-1 Maintenance respiration coefficient for shoot at 25 °C

𝑐
𝑟𝑒𝑠𝑝,𝑟𝑡 1.16 × 10-7 s-1 Maintenance respiration coefficient for root at 25 °C
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𝑐
𝑄10𝑟𝑒𝑠𝑝 2 unitless Q10 factor for maintenance respiration

cτ 𝑓
τ unitless

Ratio of root dry mass to total plant dry mass

(replaced with a function of time: , originally a constant 0.15)𝑓
τ

𝑐
κ 0.9 unitless Extinction coefficient for planophile crops

𝑐
𝐿𝐴𝑅 75 × 10-3 m2 g-1 Leaf Area Ratio, total leaf area over total plant mass

𝑐
ω 1.893⨯103 g m-3

Density of CO2 at 15 °C and 1.01325⨯105 Pa

(Updated from original value of 1.83 × 10-3)

𝑐
Γ 71.5 ppm

CO2 compensation point at 20 °C

(Updated from original value of 40)

𝑐
𝑄10Γ 2 unitless Q10 factor for CO2 compensation point

𝑐
ϵ 17 × 10-6 g J-1 Light use efficiency at very high CO2 concentrations

𝑔
𝑏𝑛𝑑 0.007 m s-1 Boundary layer conductance of lettuce leaves

𝑔
𝑠𝑡𝑚 0.005 m s-1

Average stomatal conductance during daytime

(not accounting for environmentally induced changes)

𝑐
𝑐𝑎𝑟1 -1.32 × 10-5 m s-1 °C-2 2nd order carboxylation conductance parameter

𝑐
𝑐𝑎𝑟2 5.94 × 10-4 m s-1 °C-1 1st order carboxylation conductance parameter

𝑐
𝑐𝑎𝑟3 -2.64 × 10-3 m s-1 constant order carboxylation conductance parameter

Additional Model Functions

Two functions were added to the model: a root allocation function and a dry mass ratio function.

These were added in order to improve the model’s accuracy and to allow estimations of fresh

mass, respectively.

The root allocation function was previously a constant, cτ, in van Henten’s original model.  It

represents the ratio of the non-structural dry mass allocated to root structural dry mass.  Based on

empirical observations from the experiments in this study, it was found that root allocation

changed significantly over the course of crop development.  Thus, root allocation was modelled

as a function of time based on observations from the calibration crop.  The new function is

visualized in Figure B.1.  As can be seen in the figure, there is a heavy bias toward higher root
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allocation during the earliest days of development.  An initial negative 2nd order concavity

followed by a transition to a negative exponential decay is apparent.  A common function, found

in practically all statistical programming packages, which exhibits these characteristics is the

gamma distribution.

For ease of reference, both the gamma distribution and the gamma function are defined below.

(Eq. 11)Γ(α) =
0

∞

∫ 𝑒−𝑡𝑥α−1𝑑𝑥

Where is the gamma function and is an arbitrary shape parameter that can be used toΓ(α) α

determine the shape of the gamma distribution, is an integration constant, and is Euler's𝑥 𝑒

number.

for (Eq. 12)γ(𝑡; α, β) = 1

βαΓ(α)
𝑡α−1𝑒

− 𝑡
β 𝑡 ≥  0

Where is the gamma distribution, is the independent variable (in the model would be inputγ 𝑡 𝑡

as the time in days after transplant), and are arbitrary shape and rate parameters that can beα β

used to determine the shape of the gamma distribution, is the gamma function, and isΓ(α) 𝑒

Euler's number.

Because of its shape, the gamma distribution was used as the fundamental equation of the root

allocation model which was then tuned to fit the observed plant growth data using several

parameters.  Importantly, the gamma distribution is differentiable for all positive values, so there

are no discontinuities in its slope.  This means that there are no sudden changes in growth rate as

could occur when stitching together two more elementary functions that might model the same

behavior (such as a parabola and an exponential function).  The goal of the fit was to produce a

root allocation dynamic that could be generalized to most types of lettuce with the assumption

that the lettuce in the calibration experiment were characteristic of most lettuce cultivars.  Thus,

the function was fitted to the middle of the observed data and represents an estimation for lettuce

species when grown using a deep water culture system.
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With the gamma distribution defined, it is now possible to define the root allocation function:

(Eq. 13)𝑓
τ
(𝑡) = δ · γ( 𝑡−𝑎

𝑘 , α, β) + 𝑏

Where is the root allocation function which outputs the ratio of root mass to plant whole mass𝑓
τ

and , , , , , and are arbitrary parameters that can be used to influence the shape of inα β δ 𝑎 𝑏 𝑘 𝑓
τ

order to create an accurate estimate of root allocation across time.  The function is graphed in𝑓
τ

Figure B.1.

Figure B.1. Newly developed root allocation function added to the predictive model for estimating the proportion of

dry mass allocated to root production.  Also plotted are the measured values which guide the shape of the functions.

The definitions of the parameters of both these functions are given below in Table B.3.
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Table B.3. Root Allocation Function Parameters: parameters used in the root allocation function,

, of the model.  Function shown in Figure B.1.𝑓
τ

for Dry Mass (used in model main loop)𝑓
τ

Parameter Value Description

α 2.85 parameter of , controls shapeΓ(α)

β 3.8 parameter of , controls rateΓ(α)

δ 2.1 scale parameter

𝑎 -6.5 x-offset

𝑏 0.0485 y-offset

𝑘 1.7 inverse slope parameter

Another function was also added to the model in order to facilitate fresh mass estimates.  This is

the dry mass ratio function (a.k.a. the “not-water” function), .  Interestingly, based on the𝑓
𝐷

observed data, this function also appears to follow the basic shape of the gamma distribution.

Therefore, it is defined exactly the same way as the function, but is shaped differently by𝑓
τ

using different parameters.

(Eq. 14)𝑓
𝐷

(𝑡) = δ
𝐷

· γ
𝐷

(
𝑡−𝑎

𝐷

𝑘
𝐷

, α
𝐷

, β
𝐷

) + 𝑏
𝐷

Where is the estimated ratio of dry mass to fresh mass and , , , , , and are𝑓
𝐷

α
𝐷

β
𝐷

δ
𝐷

𝑎
𝐷

𝑏
𝐷

𝑘
𝐷

arbitrary parameters that can be used to influence the shape of .𝑓
𝐷

The dry mass ratio function is shown in Figure B.2 and the parameter definitions are listed in

Table B.4.
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Figure B.2. Newly developed dry mass ratio function (aka the “not-water” function) added to the predictive model

for estimating the amount of fresh mass on a day to day basis.  Also plotted are the measured values which guide the

shape of the function.

Table B.4. Dry Mass Ratio Function Parameters: parameters used in the ratio of dry mass ratio

function (aka the “not-water” function), . Function is shown in Figure B.2.𝑓
𝐷

(used for conversion of model output to Fresh Mass)𝑓
𝐷

Parameter Value Description

α
𝐷 3.75 parameter of , controls shapeΓ(α)

β
𝐷 2.1 parameter of , controls rateΓ(α)

δ
𝐷 0.55 scale parameter

𝑎
𝐷 -2.5 x-offset

𝑏
𝐷 0.038 y-offset

𝑘
𝐷 1.3 inverse slope parameter
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APPENDIX C: Correlations of Yield vs Air Temperature, DLI, and CO 2

This section provides an extended presentation of the correlation between yield with respect to

DLI, air temperature and CO2 with 3D graphs presented in the manuscript of Appendix A.  These

graphs show the final harvest biomass yield of the updated model when growing under constant

conditions.  Because there are 3 inputs, there are 3 sets of graphs, modelling 2 inputs at a time.

The air temperature vs DLI graph also provides additional graphs that illustrate the effect of

varying CO2.
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Yield vs Air Temperature and CO 2

Figure C.1. Yield vs air temperature and CO2 concentration as predicted by the model.  Different angles are shown

for perspective.
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Yield vs DLI and CO2

Figure C.2. Yield vs DLI and CO2 concentration as predicted by the model.  Different angles are shown for

perspective.
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Yield vs Air Temperature and DLI

Figure C.3. Yield vs air temperature and DLI as predicted by the model.  Graphs using different CO2 concentrations

show the effect of CO2.  Different angles are shown for perspective.
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APPENDIX D: Image-Capture and Image-Processing Pipeline

Images of the crop were captured using a multispectral camera (MicaSense RedEdge, WA,

USA), which was fixed above the lights of the growing rack.  The setup is shown in Figure D.1.

Figure D.1. MicaSense RedEdge Multispectral Camera was positioned above the canopy immediately below the

water in the tank on the next level above.  Situated in between the lights, this set-up allowed the greatest possible

field of view without moving the camera and/or stitching images together.

The camera had five imaging channels: blue, green, red, far red (a.k.a. “red edge”), and near

infrared.  The camera used 5 different apertures and imaging sensors.  The band filters for each

of the sensors is shown in Figure D.2.

Although it was originally hoped that information from the non-visual channels and from image

texture would be used as potential biomass metrics.  Ultimately, only the visual channels were

considered in the measurement of TPCA.  Of these, the blue channel showed the strongest

difference from background and so was used for image segmentation.  This greatly increased the

simplicity of the measurement and reduced the costs of needed equipment, since any camera

could be used.
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Figure D.2. MicaSense RedEdge Multispectral Camera’s spectral filter characteristics (image copied from

MicaSense Inc., 2015).  Each curve represents the filter transmittance of each of the 5 camera apertures: Blue,

Green, Red, Near IR, and Red Edge.  The wavelengths of each of these spectrums is shown in the chart.

The camera was fixed over a small section of the canopy and took images every 15 minutes as

the plants grew.  This sample rate was far in excess of what would be needed to produce a usable

TPCA signal, and the data was ultimately down sampled to 1 hour.  Figure D.3 shows the

approximate field of view of the camera.  The size of this field of view was 47 cm by 30 cm.

The camera position and orientation were adjusted between crops to fix a cabling issue.

Consequently, the layout of the crop was inverted in an attempt to keep more whole plants within

the field of view.
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Figure D.3. Approximate camera field of view during the experiments, and the positions of data plants within the

field of view.

After image capture, images from the camera were processed with custom software, written by

the author.  This software combined the image channels and measured the amount of area the

leaves of the canopy covered as viewed from above, i.e. Top Projected Canopy Area (TPCA).

First, for every imaging interval, the software combined the visual spectral channels of the

camera (red, green, and blue) into a single RGB image.  This was done by rotating, translating,

and blending each of the visual spectrum channels together using reference points in the

background image to confirm proper alignment.  The result was a single, RGB-color image of

the crop with slight color artifacts around the edges of the leaves due to parallax from differences

in position of the camera apertures for each spectral channel.  This parallax effect was visually

calibrated to be minimized at the level of the styrofoam raft.  The software then used the blue

channel (due to its high gain between green leaf and white styrofoam background) to threshold

the pixel values in order to determine the presence of leaf tissue.  Pixels below a certain

threshold were considered leaf and above the threshold were considered background.  A new

image was created where background pixels had been rendered as black (see Figure D.4).  The

number of non-black pixels in this image were then counted.  This count of the number of leaf

pixels was divided by the total number of pixels in the image to calculate the fraction of the
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image which was leaf.  Because the area of the surface being imaged was known, this ratio could

then be multiplied by the total imaged area to calculate the TPCA.

Figure D.4. Image stitching and plant segmentation procedure for the multispectral camera output.

The resulting areas graphed over time for both crops are shown in Figure 7 of Appendix A.  It

should also be noted, that due to the automatic exposure setting of the camera, the threshold

value of the pixel required to accurately determine leaf matter was manually adjusted as the

image sequence advanced over time.  This was required to prevent background pixels from being

incorrectly included in the area estimation as the crop matured and darkened the imaging field.

Towards harvest time, this, along with increasing glare from the shiny leaf surface and flicker

from the LEDs’ pulse-width-modulated (PWM) dimming, resulted in minor TPCA signal noise

as some very shiny leaf surface was occasionally erroneously deleted by the thresholding

process.  In the final TPCA data, this noise is deleted by repeating previous values.

For experiment 1, the area of a single plant was used to measure the TPCA.  In experiment 2, a

change in camera position allowed a quarter of four different plants to be added together to find
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an average value for TPCA.  Although experiment 1 contained 6 different plants, most of these

plants grew beyond the edge of the camera field of view, complicating TPCA measurements with

edge effects.  Although it might have still been possible to use 4 quarters of 4 different plants (as

in experiment 2), one of the plants in the remaining image grew oddly, expanding more vertically

than horizontally (biomass measurements of this plant showed it to be quite average in size, so

the aberration was simply in the direction of growth rather than its total mass).  Using two

half-plants was also possible and gave similar results; although, in that case, the difference

between control and treatment, while still noticeable, was slightly less.  Therefore, only 1 plant

was available for TPCA measurement without edge effects in Experiment 1.  Thus, the regions

used for TPCA sampling are as shown in Figure D.5 and Figure D.6.  For the purposes of

assessing TPCA as a proxy for biomass, this low sampling size is a problem, and future

experiments should make every effort to sample a much larger area, preferably the whole canopy.

This would help to average out the oddities found here and minimize edge effects.  Prior to

canopy closure, it would also be possible to further segment the image into individual plants,

which would help to give variability information about the growing canopy as well.

Figure D.5.  The selected subsection of the combined image used for generating the TPCA measurements for

Experiment 1, shown at two different points in development (with and without background) to illustrate the

boundaries' relationship to planting holes.
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Figure D.6. The selected subsection of the combined image used for generating the TPCA measurements for

Experiment 2., shown at two different points in development (with and without background) to illustrate the

boundaries' relationship to planting holes.

Other graphs of TPCA created by using variations on the selected measuring areas create very

similar TPCA comparisons.  All choices of measuring area showed experiment 2 out-growing

experiment 1.  The point at which the TPCA graphs noticeably depart from each other, however,

changed by up to several days, both leading and lagging the treatment point.  This, coupled with

a small sample size preventing useful measures of standard deviation, meant that it was not

entirely clear how long it might take for TPCA to definitively show differences in growth.  It is

apparent, however, that TPCA is very sensitive to the random nature of growth and that as large

an area as possible should be sampled for accurate readings.

References
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APPENDIX E: Lighting Characteristics and Data Collection

The lighting fixtures used in the vertical farming facility for the experiments were LED Grow

Lights (Eclipse ESN14812F3UD, Illumitex Inc., TX, USA).  For each level there were 8 fixtures

arranged in a 2 by 4 end to end pattern, and their arrangement can be seen in Figure D.1 of

Appendix D.  The spacing between rows of lights was 30 cm (12 inches).  The spectrum of the

lights was 8% Blue, 6% Green, 86% Red as measured by a spectroradiometer (PS-300, Apogee

Instruments, UT, USA) just prior to the experiments.

The uniformity of lighting in the growing area was assessed by means of a PAR light mapping

(see Figure E.1) using the same spectroradiometer.  The base of the light collecting aperture for

the instrument was set upon each planting hole as the floating rafts were suspended in their trays

at the height the raft would sit when the trays were flooded.  This height varied slightly with

water level, but was about 45-47 cm below the lights.  The height of the collecting aperture was

10 cm above the growing level.
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Figure E.1. Lighting uniformity map for all planting positions on all levels of the UAg Farm.  The uniformity

calculations shown are for all but the outermost cells in each level.

From the light uniformity map, it was apparent that the light intensity around the edges of the

crop areas was lower than in the central area.  Likewise, air-flow around the edges would be

expected to be slightly different than that of the central part of the crop canopy.  Because of these

edge factors, plants from these sections were not selected for data collection; rather, these

sections were used as guard rows where plants were grown to provide a more consistent

neighboring environment for plants in the central regions.
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The light mapping was performed a few months prior to the first experiment, and showed little

difference or lighting degradation in subsequent sub-samplings.  During this mapping, the target

average lighting intensity was 200 μmol m-2 s-1 for levels 1, 220 μmol m-2 s-1 for levels 2, and 235

μmol m-2 s-1 for levels 3.  For the purposes of evaluating uniformity, the “central” area, where the

data plants were located, was all but the outermost cells.  The formula used to calculate lighting

uniformity was the minimum value divided by the average value of these points.  A uniformity

of 0.8 is typically desirable, because the perfect value of 1.0 is practically impossible to achieve,

simply because of the point nature of light sources (especially LEDs).  The measured uniformity

was within 0.53-0.70 for the plants in the central growing area.  This was due mostly to the

end-to-end arrangement of the lighting bars and the wide spacing between bars.  In order to

mitigate the effects of lower uniformity, plant samples were taken randomly from the growing

area, with the caveat that no more than 3 and no less than 1 plant should be taken from each row

at each sampling.  This helped to mitigate the fact that the lighting tended to be more uniform

along rows than across them.

After transplanting, the planting density in the chamber was 24.24 plants per m2 and was laid out

in a rectilinear grid pattern.  Figure E.2 shows the arrangement used and where guard and data

collection plants were located.  For each layer of the experiment there were four identical

styrofoam rafts, into which seedling plugs were transplanted.  Plants on the outer row, where the

lighting is less uniform, (shown in blue) are used as guard plants and are not included in the data.

Aluminium foil blocks light from entering unused planting holes in order to prevent algal

growth.  In experiment 1, this same pattern was used but was rotated by 180° due to a change in

camera position and orientation.
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Figure E.2. Layout of plants during the experiments.  Data plants are in green.  Guard plants are in blue.  Planting

holes covered by foil are white.

All sampled plants were weighed within an hour of removal from the system.  Some

small amount of root material (inextricably intertwined with its neighbors may have been

torn and left behind during removal.  The shoot and leaf portion for all plants in the

sampling were cut from the root portion just below the cotyledons using a knife.  The

leaves were lightly patted with a paper towel to remove water droplets, and the

leaf/shoot portion of the plant was weighed on a microgram precision scale.  The root

portions were then painstakingly separated from their rockwool substrate and forcefully

pressed dry by hand between paper towels until wetting of the paper became splotchy.

This typically took about 5-10 minutes per plant.  The resulting root matter was

then weighed.  These weights constitute the measurements of fresh mass for the

sample.  These leaf/shoot and root portions were then placed in labeled paper bags and

dried at 65 °C for at least 3 days.  Towards harvest time, as the lettuce head became

larger, it also became necessary to split the head down the middle before this step to

allow the center of the head to dry.  Moreover, the drying time increased to as much as

6 days to ensure the core was completely dried.  Dry mass was then measured by

weighing the resulting plant matter.  Root matter was kept separated from the leaf/shoot

matter by wrapping it in a paper towel during drying.
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The spectrum of the lights is shown in Figure E.3.  The spectrum shown was measured by the

same Apogee PS-300 Spectroradiometer at the same time as the light mapping.  Each Illumitex

lighting fixture had 12 clusters of 16 LEDs.  Each of these LED packages contained 12 red and 4

blue LEDs.  The blue LEDs were coated with a phosphor coating which converted some of the

blue photons to lower energies in the visible spectrum, allowing a modest amount of green to be

visible in the growing crop.

Figure E.3. Spectrum for the Illumitex F3 Eclipse lighting fixtures as measured by a PS-300 Spectroradiometer.
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APPENDIX F: Experimental Equipment Used

Table F.1. Manufacturers, equipment, and sensors used in the experiments are listed here.

Manufacturer Model Manufacturer HQ
Controller and Datalogger:

Campbell Scientific CR6-Wifi Logan, Utah, USA
Inline nutrient solution sensors (installed in drain manifold return line):

Hanna Instruments HI 1001 pH Electrode and HI 98143 ph/EC
Transmitter

Woonsocket, Rhode Island, USA

Omega (Spectris) CDE-100-1 (PT100) Electrical Conductivity
Probe and CDTX-112 Conductivity Monitor

(Egham, Surrey, United Kingdom)

Other nutrient solution sensors (placed in DWC bed):
Hanna Instruments HI-EC 3001 Conductivity Probe (used after an

inline sensor failed)
Woonsocket, Rhode Island, USA

Sensorex DO1200 Dissolved Oxygen Probe Garden Grove, California, USA
Handheld nutrient solution sensor:

Hanna Instruments GroLine pH/EC/TDS/Temperature Meter Woonsocket, Rhode Island, USA
Lighting sensors (held at canopy level):

Apogee Instruments PS-300 Spectroradiometer Logan, Utah, USA
Apogee Instruments SQ-120 Quantum Sensor Logan, Utah, USA

Areal environment sensor (held at canopy level of middle level):
Vaisala GMT220 CO2 Transmitter and GMP222

Probe Module
Vantaa, Finland

Vaisala HMP60 Temperature and Relative Humidity
Sensor

Vantaa, Finland

TPCA camera (held at 50-52 cm above floating raft, depending on water level):
MicaSense RedEdge Multispectral Camera Seattle, Washington, USA

Fresh and dry mass scales (Mettler used intermittently when Ohaus was unavailable):
Ohaus Pioneer PA313 Precision Balance Parsippany, New Jersey, USA
Mettler (Mettler-Toledo) PC 180 Precision Balance Columbus, Ohio, USA

Luminaries (installed 45-47 cm above floating raft):
Illumitex Inc.
(FarmVisionAI)

LED Grow Light, Eclipse ESN F3
(ESN14812F3UD)

?, Texas, USA
Out of Business since 2020

Floating raft
Beaver Plastics 2 by 4, 18 count, Sealed Surface Technology Edmonton, Alberta, Canada

Dryer (a custom dehumidifying cabinet was occasionally used for very large sample sets):
Across International Dryer, Stable Temp-48 Livingston, New Jersey, USA

Heat-pump (dedicated HVAC for Chamber A):
Goodman GPH14H Houston, Texas, USA

Room air dehumidifier
Colzer (Yangli Group) CFT4.0D Yangzhou, Jiangsu, China

Water pump (inline, supplies from reservoir to all levels)
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Little Giant Pumps,
(Franklin Electric Co.)

5-MD Oklahoma City, Oklahoma, USA
(Fort Wayne, Indiana, USA)

Peristaltic acid/nutrient pumps
ANKO 800-101-3014-17 Bradenton, Florida, USA

Air stone pump
Hiblow (Techno
Takatsuki Co.)

HP-80-0110 (Takatsuki, Osaka, Japan)

Airstones
Pentair Sweetwater-6 inch airstone Cary, NC, USA

Airflow fans (2 on each level)
Comfort Zone CZ6C Cranbury, New Jersey, USA

DWC - Deep Water Culture

TPCA - Top Projected Canopy Area

HVAC - Heating Ventilation and Air Conditioning.
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