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ABSTRACT 
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University of Guelph, 2018

Advisor: 

William David Lubitz, Ph.D., P.Eng. 

 

One-minute average data for solar radiation, air and soil temperatures, wind-speed, and relative 

humidity were recorded for two growing seasons (May to November of 2015 and 2016) in a screened and 

unscreened high tunnel. A one-dimensional 10-layer lumped capacitance model was created using 

conduction, convection, and radiation equations to model the energy transfer between the different 

layers to predict air and soil temperatures inside the high tunnel for select time periods. A sensitivity study 

was conducted and results were analyzed based the magnitude of the errors. The lumped capacitance 

model error ranged from 0˚C – 9.7˚C for predicted high resolution air and soil temperatures inside the 

unscreened high tunnel with sides closed. The data was also used in an Artificial Neural Network (ANN) to 

predict high tunnel air and soil temperatures. The ANN errors were between 0.1 ˚C – 2.0 ˚C for both 

screened and unscreened tunnels for both growing seasons. 
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1 Introduction  

1.1 Problem Statement  

The need to reduce adverse environmental impacts from fossil fuels, and meet the increasing energy 

demand of the world has encouraged more applications of renewable energy. Considering geographical 

locations, solar energy occupies one of the most important positions among the available alternative 

energy sources with multiple applications in different fields (Ajabshirchi, Ranjbar, & Matloobi, 2016). One 

of the primary applications of solar energy is its use in greenhouses.  

 The specific type of greenhouses that have been investigated in this project are Quonset High 

Tunnels used for organic horticultural production. High resolution microclimate measurements were 

recorded within a set of research high tunnels in Guelph, Ontario, Canada, during May – November in 

2015 and 2016. These structures are located at the Guelph Centre for Urban Organic Farming (GCUOF), at 

the University of Guelph, shown in Figure 1-1. The GCUOF is a one hectare (2.5 acre) demonstration farm 

which produces certified organic food, while also conducting education, outreach, research and 

technology transfer activities. The tunnels are 10.8m long, 7.2m wide, and 3.8m high at the roof peak, 

with a greenhouse-grade polyethylene sheeting (glazing) over the steel frames (De Cloet Greenhouse 

Manufacturing, Delhi, ON, Canada). There is usually no active ventilation, heating or artificial lighting. 

Passive ventilation is provided by manually rolling up the glazing on each side of the tunnel from the 

ground level. The ventilation openings are 0.7m tall and 10.8m long. Although modeling studies are 

common in the literature, very little data is available on the actual microclimate within operating high 

tunnels.  
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Figure 1-1: High Tunnels at the GCUOF with a polyethylene sheet covering the steel frame and ventilation openings 
closed.   

 Microclimate measurements were taken in two of the high tunnels: one with unscreened side 

openings, and one with screened door and side openings. The site contains a total of six freestanding 

Quonset-style, steel-framed high tunnels, and three field plots in a 3×3 grid, shown in Figure 1-2.  

 

Figure 1-2: Aerial view of the GCUOF high tunnel site. True north is upward. Monitoring stations were located as 
shown in a screened tunnel (S), an open field (F), and an unscreened tunnel (U).  



3 

 

 

 

The entire floor area was layered with well-worked soil and mulch. The soil was a clay loam with 

limestone bedrock, 3.5% to 6% organic matter, and pH 7.4 (Kong et al., 2017). Three masts were placed 

in the center of the screened tunnel, central field and unscreened tunnel to support meteorological 

instruments including air temperature sensors at three different heights within the high tunnels, soil 

temperature sensors at two different depths below ground,  pyranometers to measure solar radiation, 

and ultrasonic anemometers to measure air speed and sonic air temperature. Data was recorded at one 

minute intervals for all sensors.  

1.2 Objectives  

The objective of this project was to investigate and model the relationship between the different 

energy processes occurring within a high tunnel, at any given time using the high resolution data that was 

recorded. Radiation, convection, and conduction were the dominant energy transfer processes in the high 

tunnels. Using the conservation of energy, the internal energy stored should include the following energy 

transfer mechanisms: 

- Energy gained from incoming solar radiation 

- Total amount of energy absorbed by internal surfaces 

- Loss of energy to the surroundings  

- Loss of energy through the soil  

When compared to horticulture in open fields, the regular growing season of a crop can be extended 

as temperatures inside a high tunnel were higher than temperatures recorded in open fields. Organic high 

tunnel horticulture can improve the yield, quality, prevent disease and lead to better pest control of the 

crop. Analysis of the data collected from previous seasons showed lower than expected frost resistance 

inside the high tunnels. The insect screening significantly lowered the ventilation inside the tunnel, leading 
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to higher temperatures and humidity levels when compared to unscreened tunnels. Some stratification 

was observed qualitatively. The model and data collected is part of a longer study that will be beneficial 

to farmers. It will help them choose the type of crop best suited for the microclimate inside the tunnels 

and extend the duration of the growing season. Developing system models using these data can also help 

identify methods of reducing energy costs through structural changes and by modifying operating 

methods. 

1.3 Thesis Outline  

The second chapter of the thesis is a literature review about the different energy modelling processes 

greenhouses, and some commonly used modelling techniques. The third chapter discusses the 

experimental set-up and the data collected from the GCUOF, and the lab-scale experimental set-up and 

the data collected for the high tunnel soil properties tests, and screen pressure drop test. Chapter 4 

discusses the lumped capacitance energy model developed in this project and the analysis and 

implications of the model results. A one-dimensional energy model was validated for Quonset style 

passive solar high tunnels using the measured variables to understand how they influence the 

microclimate inside the tunnels.  Predictive energy modelling using Artificial Neural Networks (ANNs) is 

discussed in Chapter 5 and a summary of the research and the conclusions are described in Chapter 6.  
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2 Literature Review  

2.1.1 Greenhouses 

A greenhouse is an enclosed structure that traps shortwave solar radiation and stores the longwave 

thermal radiation which creates a favourable microclimate for higher productivity (Fidaros, Baxevanou, 

Bartzanas, & Kittas, 2010). Solar energy drives the photosynthesis process in plants, allowing them to 

retain heat during the cold months by means of the greenhouse effect (Ajabshirchi et al., 2016). Two 

different effects combined create the greenhouse effect (Castilla, 2013):  

- A convective effect which is a result of decreased air exchange with the outdoor environment. 

- Existence of a cover with low transparency to far infra-red radiation emitted by the soil, plants, 

and all indoor elements exposed to sunlight, and high transparency to visible and short infra-

red radiation  

 

Figure 2-1: Schematic of the greenhouse effect. In process 1, the greenhouse cover transmits a high amount of 
solar energy. In process 2, the transmitted energy is absorbed by plants, soil, and all internal surfaces, and far infra-
red radiation is emitted. In process 3, far infra-red radiation is absorbed by the cover and then remitted inwards 
and outwards (Castilla, 2013).  
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The distribution of solar energy inside a greenhouse also affects the development of pests and diseases 

(Fidaros et al., 2010). Since air temperature and humidity conditions inside the greenhouse are largely 

dependent on external climatic conditions, accurate models are needed to predict the temperature 

fluctuations inside the greenhouses as functions of the external conditions to improve the climate control 

(Tong, Christopher, & Li, 2009). The shape and the orientation of a greenhouse determines the amount of 

solar radiation that can be received by the structure. Thermal models of typical greenhouse structures of 

various have been created by various researchers (Ajabshirchi et al., 2016; Singh & Tiwari, 2010).  

The types of greenhouses is based on the cover and wall material, cover shape, cost factor, technology 

involved, and the application of the system (Kumar, Tiwari, Kumar, & Pandey, 2006). The cover and wall 

material used include glass, plastic films, and rigid panels. The shape and structure of the greenhouses 

include spherical dome (i), hyperbolic paraboloid (ii), Quonset (iii), modified Quonset (iv), gothic arch (v), 

mansard roof (vi), evenspan (vii), and unevenspan (viii), as shown in Figure 2-2. Greenhouses can further 

be classified based on the application of the system for crop cultivation, crop drying, and as a solar energy 

collector (Kumar et al., 2006). The detailed classification is shown in Figure 2-3.  

 

Figure 2-2: Classification of greenhouses based on shape (Kumar et al., 2006).  
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Figure 2-3: Classification of greenhouse systems (Kumar et al., 2006).  

The dynamic behavior of greenhouse climate is a combination of physical processes involving energy 

transfer (radiation and heat) and mass transfer (water vapor fluxes and CO2 concentration) taking place 

in the greenhouse and from the greenhouse to the outside environment (Sethi, Sumathy, Lee, & Pal, 

2013). These processes depend on the outside climate conditions, structure of the greenhouse, type and 

state of the crop and on the actuating control signals (Sethi et al., 2013). 

2.1.1 Commercial greenhouses 

Compared to field agriculture in Ontario, Canada, commercial greenhouses such as the ones shown 

in Figure 2-4 have higher capital costs with new construction costing up to $1 million per acre (The Ontario 

Greenhouse Alliance, About TOGA, 2018). The production environment is highly controlled. 
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Temperatures, relative humidity, ventilation, and insect pollination are continuously monitored to get 

yields up to seven times higher with greater consistency (The Ontario Greenhouse Alliance, About TOGA, 

2018).  

 

Figure 2-4: Mastronardi Produce greenhouse for tomato production in Leamington, Ontario (Mastronardi, 2017).  

Average operational area of a single commercial greenhouse is around 10,000 square metres (The 

Ontario Greenhouse Alliance , 2006). Depending on their size, commercial greenhouses may be naturally 

ventilated (through roof or sidewall ventilators) or artificially ventilated using fans, or have a combination 

of both. The air exchange rate of a greenhouse is the ratio between the volume of the air exchanged per 

hour and the total volume of the greenhouse. Typically during the summer, large greenhouses require an 

air exchange rate of 30 – 60 volumes of the greenhouse per hour as static ventilation is insufficient in 

absence of large vents and constant winds (Castilla, 2013).  

Temperature control inside greenhouses during colder months is achieved by increasing insulation 

through proper covering materials, thermal screens, double covers, and windbreaks (Castilla, 2013). To 
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heat the aerial parts of the crop, fan coils or hot air generators with direct or indirect combustion is 

sometime used, where the heat is distributed via convection (Castilla, 2013). To heat both air and soil, hot 

water heating systems which have more thermal inertia passes water between 50˚C - 80˚C through pipes 

and distribute the heat by radiation and convection (Castilla, 2013). Excessive temperatures inside the 

greenhouse are decreased naturally by limiting solar radiation through the use of external, internal, 

permanent or movable shading.  Mobile shading is recommended since permanent shading can reduce 

the amount of available solar radiation for photosynthesis, which will cause the yield to decrease (Castilla, 

2013). Active cooling methods such as evaporating water are used if shadings are not sufficient to reduce 

temperatures to the required levels (Castilla, 2013).  

One of the most common ways to irrigate a greenhouse is through high frequency irrigation systems 

such as drip-irrigation systems, where the main components include the irrigation/fertilization control 

centre, the primary and secondary pipes, the micro-tubes and the emitters or diffusers, shown in Figure 

2-5 (Castilla, 2013). A soilless cultivation is a system in which plants develop their roots in a solid or liquid 

media that is confined in a limited space away from any soil (Abad & Noguera, 1998). Often referred to as 

a hydroponics system (Figure 2-6), the nutrient solutions are supplied through drip or sub-irrigation, 

circulating water, trays or floating tables, or aeroponics (Winsor, Scharz, & Baudoin , 1990). Different kinds 

of hydroponics systems setups include the nutrient film technique, the deep flow technique, the floating 

raft technique, and aeroponics (Castilla, 2013).   
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Figure 2-5: Schematic of a control centre of a localized irrigation system (Castilla, 2013).  

 

 

Figure 2-6: Vertical hydroponics system (Casparcg, 2017).  
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2.1.2 High tunnels 

Macro-tunnels, more commonly referred to as high tunnels are high enough to allow workers to walk 

inside them and to cultivate crop of similar height (Castilla, 2013). They are unheated structures and 

usually consist of one or two layers of greenhouse-grade plastic stretched over a metal frame with sizes 

ranging from 1000 square feet to over twenty acres (Grubinger, 2016; Hightunels.org, 2016). The 

microclimate inside the high tunnels are influenced by passive solar heating, and passive ventilation 

(Grubinger, 2016). Even though high tunnels do not have sophisticated environmental controls which are 

available in commercial greenhouses, they are popular since they can provide small farming operations a 

means of growing food in a cost-effective manner, for the purpose of being sold locally (Krizek, Clark, & 

Mirecki, 2005).  It allows the grower to start growing by three to six weeks earlier in the spring, and extend 

it by three to six weeks during the fall (Krizek et al., 2005). The following are some common characteristics 

of both Quonset and Gothic style high tunnels (Grubinger, 2016):  

- Irrigation through drip system, hand watering, or small sprinkler systems.  

- Hand-cranked or automated rolled up sidewalls for ventilation purposes, sometimes with 

additional louvres or end-wall vents. 

- Cultivation in containers, bare soil, or on ground covered with landscape fabric, organic 

mulch such as straw or plastic mulch.  

High tunnel agriculture includes different varieties of tomatoes, peppers, melons, berries, 

eggplant, lettuce, and spinach, which are usually the kind of crops that have high yield potentials (Jett, 

n.d.). Annual and perennial flowering plants are widely cultivated for horticulture, especially in nurseries 

(Hein, 2011). High tunnels are used all over the world in many different kinds of climate (Wang & Boulard, 

2000). The thesis focuses on developing a predictive lumped capacitance model for Quonset-style high 

tunnels having the features described in this section.  
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2.2 Greenhouse climate modelling 

There are many different approaches used for modelling the climate inside the greenhouses to 

design and create specific growing environments for the plants. The three approaches described in this 

review are Computational Fluid Dynamics (CFD), data-driven simulations using Artificial Neural Networks 

(ANNs), and one-dimensional lumped capacitance parametric models which examines energy flows into 

and out of the greenhouse.  

2.2.1 Computational fluid dynamics (CFD) 

One of the approaches used for creating a thermal model involves using Computational Fluid 

Dynamics (CFD). CFD techniques provide powerful methods for simulating the time-and space-dependent 

microclimatic conditions within the greenhouses, and have been increasingly used in analyzing 

greenhouse structures (Tong et al., 2009). Air temperatures, air flows, and humidity distribution inside 

greenhouses have been numerically predicted by Bartzanas et al. (2002), Fath and Abdelrahman (2004), 

Boulard and Wang (2002), and Molina-Aiz et al. (2004) for large glass or plastic greenhouses with the 

simulations using steady, or quasi-steady state CFD models. Small greenhouses which hold large thermal 

masses in the walls or in the ground are greatly impacted by fast fluctuating solar radiation and 

environmental conditions, and hence are better simulated using fully time-dependent simulations (Tong 

et al., 2009). However, greenhouse climate modelling using CFD incurs numerous challenges, especially 

when using rapidly changing high resolution parameters. While the process is computationally efficient, 

it is very time consuming and require extensive code development and extremely high amounts of 

memory allocation which significantly slows down the speed of the calculations making it challenging to 

model different combinations of parameters  (Zhong, Yu, Zhou, Xie, & Zhang, 2016). The time and resource 

intensive process have caused the existing research to mostly be applied to lab-scale units and pilot 

projects only instead of industrial scale units (Zhong et al., 2016).  
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Time dependent temperature distributions were modelled inside a Chinese solar greenhouse using 

CFD by Tong et al., (2009). One hour average data for solar insolation, 1m soil depth temperatures, air 

temperatures and other convection and radiation parameters were used. The simulated air and soil 

temperatures had the same profile as the measured temperatures with the average temperature 

differences between the simulated and measured air temperatures during might less than 1.0 ◦C on the 

clear days and up to 1.5◦C during a cloudy day.  

Boulard, Fatnassi, Majdoubi, & Bouirden, (2008) investigated day-time microclimate variations inside 

a large, experimental canary type tomato greenhouse in Morocco, using a finite volumes methods to solve 

mass, momentum, and energy conservation equations. Simulations were performed using steady-state 

boundary conditions with a fixed sun position in the sky and a constant sea breeze magnitude and 

direction. 15-minute averages were used for measured temperatures, with the study concluding that a 

rise in temperature and humidity may be reduced by 25% by reorienting the crop parallel to the wind.  

2.2.2 Data-driven simulations 

 Simulation-based numerical models of complex dynamic systems often require intensive sampling 

involving large amounts of high-resolution data which may hinder sequential processes such as 

optimization algorithms (Picheny, Trépos, & Casadebaig, 2017). In order to analyze these systems in fields 

including water distribution systems design, watershed management and agronomy, black box problem 

optimization methods are widely being used (Quilot-Turion, et al., 2012). Black-box models are non-

intrusive and require only point-wise evaluations of the model, that is, it provides the output value(s) for 

a predetermined set of inputs; knowledge of the underlying mechanisms of the model and any derivative 

information are not required (Picheny et al., 2017). While this approach can directly facilitate 

implementation, it does not allow for the development of tailored algorithms and a common challenge 



14 

 

 

 

faced by many agricultural or ecological modellers is using the day to day climatic information such as 

temperatures, precipitation, etc. as input variables as they have a major influence on the output (Picheny 

et al., 2017). In order to draw unbiased conclusions by choosing a particular set of data, a scenarios 

approach for smaller and more distinct data sets is recommended, however identifying these scenarios 

can be time consuming (Ruiz-Ramos & Minguez, 2010). Large seasonal high resolution climatic data sets 

can be used, but require intense computation since the data sets must be large enough to be able to 

obtain a stable and accurate estimation of the output – a process that quickly becomes computationally 

prohibitive if the analysis is embedded in an optimization loop (Picheny et al., 2017).  

Artificial Neural Networks (ANNs) are biologically inspired parallel computation models used for 

predicting or forecasting, function approximation and classification (Nagendra & Khare, 2002; Rage & 

Tock, 1996). They are typically applied to problems that cannot be solved with known equations, or for 

problems with incompetent or noisy data. ANNs can recognize patterns in data presented to it, and are 

therefore used in pattern recognition problems. They are equipped with statistical modelling techniques 

which allow them to process known input data without making use of any underlying assumptions and 

can process information rapidly to develop a mapping of the input and output variables (Nagendra & 

Khare, 2002; Rage & Tock, 1996). Back propagation models include an input layer, output layer, and at 

least one hidden layer. The number of inputs, outputs, and hidden layers depends on the complexity of 

the problem.  

ANN architecture includes defining a specific number of layers, number of neurons (input or output 

nodes) in each layer, and the interconnections between the neurons. The architecture for a three-layer 

network with fully connected neurons of different layers is shown in Figures 2-7 and 2-8.  
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Figure 2-7: Configuration of a multi-input single output artificial neural network (Nagendra & Khare, 2002).  

 

 

Figure 2-8: Configuration of a multilayer multi-input multi-output artificial neural network (Nagendra & Khare, 
2002).  

 

2.2.3 Lumped capacitance modelling 

A lumped capacitance thermal model of a greenhouse climate involves defining a series of zones that 

represent the individual components of the greenhouse. These zones would typically include the outside 

environment, glazing, air space and soil. If it is assumed that variations of thermal properties within each 
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zone are negligible, it is possible to express the energy transfer between zones using basic analytical heat 

transfer equations. The main energy transfer mechanisms are radiation, convection, and conduction.  

The general form of the radiation equation for ‘gray bodies’ is (Cengel & Boles, 2011):  

 𝑄 =  𝜀𝜎𝐴(𝑇1
4 −  𝑇2

4) (2-1) 

where Q is the net heat transfer between two facing surfaces (W/m2), T1 and T2 are the temperatures of 

the two facing surfaces,  is the emissivity of the surfaces,  is the Stephen-Boltzmann constant 

(5.670367×10−8 W⋅m−2⋅K−4) and A is the area of each of the surfaces. The general form of the natural or 

free convection equation is (Cengel & Boles, 2011):  

 𝑄 = ℎ𝐴(𝑇𝑠 − 𝑇𝑎𝑚𝑏) (2-2) 

where Q is the heat transfer from a surface (W/m2), h is the convective heat transfer coefficient (W/m2⋅K), 

Ts is the temperature of the surface and Tamb is the ambient air temperature adjacent to the surface.  The 

general form of the equation for conduction heat transfer within a material using Fourier’s Law is (Cengel 

& Boles, 2011):  

 
𝑄 = 𝑘𝐴

(𝑇2 − 𝑇1)

𝑑𝑥
 

(2-3) 

where k is the thermal conductivity of the material (W/m⋅K), and T1 and T2 are the temperature at two 

points within the material separated by a distance dx.  The application of these general equations to the 

specific case of heat transfer within a high tunnel is discussed in more detail in the following sections. 

2.3 Examples of Lumped Capacitance Models  

Literature on lumped capacitance models was found for models which used either 15-minute 

average, 30-minute average, and hourly averaged data, along with constant parameters for sun position, 
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and wind-speed, with certain reference conditions, which were implemented using CFD and other 

numerical models.  

The rate of radiative heat loss during the night-time at the ground level was computed for a single 

span semi-cylindrical tunnel-type greenhouse for the cladding material and the inside soil surface by Silva 

& Rosa (1987). The inside and outside ground, outside air, and the cladding material were all assumed to 

be at freezing temperature (273K) with clear skies. The radiative heat loss at the ground level was 

computed as a function of the transmittance, emittance, and reflectance of the cladding material.  

A predictive model of transient energy use was validated on a polyethylene-covered unventilated 

greenhouse in Australia by Fuller, Meyer, & Sale (1987). A 15-minute averaged dry and wet bulb air 

temperatures were collected over a 40-hour period in June, 1983. Horizontal solar radiation and wind 

speed data used were recorded by the local weather station. The hourly averaged dry bulb temperature 

data was implemented in Transient System Simulation (TRNSYS) and for predicting temperatures over a 

5-day period. The authors noted that the simulation encountered problems with predicting accurate 

temperatures at low incidence angles of solar radiation resulting temperature differences between the 

measured and predicted data of almost 5˚C. Overall, the measured and predicted energy use by the 

greenhouse differed by up to 10% during the 5-day prediction period.  

A one-dimensional numerical model was adapted to predict hourly air temperatures in an unheated 

commercial greenhouse for 51 days in Israel by Zhang, Mahrer, & Margolin (1997) during February and 

March in 1995.  The greenhouse was modelled as four layers: cover, air, vegetation, and soil using external 

weather data from local stations as input. The root mean square errors of air temperature was 1.2˚C. The 

authors concluded that the night-time simulations were in better overall agreement than day time 

simulations, possibly due to no incoming solar radiation.   



18 

 

 

 

A heat flow and transfer was studied by Chen & Liu (2006) for a lean-to passive solar glass greenhouse 

on a cold November day in China. The inside air temperature and the moisture content of the soil 

(homogenous and isotropic) was predicted using a mathematical model based on energy equilibrium and 

a one-dimensional mathematical model for unsaturated porous medium. The model did not take into 

consideration plant effects and assumed that the inside air and soil were only heated by the incoming 

solar radiation. The study assumed average ambient temperature to be 10˚C, and maximum solar 

radiation to be 350 W/m2 and applied sinusoidal functions to both parameters to compute the 

temperature variations during the entire day.  

The Gembloux Dynamic Greenhouse Climate Model (GDGCM) is a multiple component semi-one 

dimensional dynamic greenhouse climate model which calculates eight heat balances for the following 

greenhouse layers: cover, air, vegetation, soil surface and four soil layers; it also includes a mass balance 

for the simulation of the relative humidity of the greenhouse air using TRNSYS (Mashonjowa, Ronsse, 

Milford, & Pieters, 2013). Although the model was developed for a soilless culture of tomato plants in 

large multi-span and naturally ventilated European glasshouses, it was modified and adapted to be used 

for a naturally ventilated plastic greenhouse with a rose crop (Mashonjowa et al., 2013). The numerical 

results obtained through TRNSYS were compared to experimental measurements. The study used 30-

minute average data with a one-minute time simulation time-step.  
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Figure 2-9: Schematic diagram showing heat exchanges between different greenhouse components (Mashonjowa 
et al., 2013).  

 The greenhouse indoor thermal environment was also modelled by Jian-kun et al., (2016) which 

took into account six main factors of heat exchange including solar radiation, artificial heating, long wave 

radiation, convection, ventilation, and crop transpiration. The authors used a non-linear differential 

mathematical model for a Venlo type greenhouse in Northern China during spring. The data was collected 

at 30-minute intervals and two days (one sunny and one cloudy) were chosen for validation purposes 

which showed temperature agreeing to within 0.3 ˚C – 0.7 ˚C of the measured data.  

 A dynamic thermal model for an asymmetric overlap roof-shape greenhouse was created by Sethi 

(2018) to predict hourly plant and inside air temperatures in northern or a typical summer day. A tomato 

crop was grown inside the greenhouse. The thermal modelling using instantaneous solar radiation data 

on the greenhouse cover which was computed to be used as an hourly average, energy balance on the 

greenhouse cover, plants, floor, and air. Validation was conducted only for hourly predicted data for a 24-

hour period, with an average root mean squared error of 3.7 ˚C.  
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Although there were several examples of predictive models available in literature, models using 

high resolution data such as one-minute averages with varying solar radiation and wind-speed did not 

appear to be commonly used to create predictive models. Developing models using high resolution data 

can provide detailed insight into the aspects of energy processes within a greenhouse such as excess 

energy gain and loss, and the effects on microclimate, which can then be used to design more efficient 

greenhouses for crop production. The different components which effect the microclimate of a 

greenhouse are discussed in the following sections.  

2.3.1 Heat Transfer through Greenhouse Cover 

The heat transfer through the cover and interior of a greenhouse is a dynamic phenomenon because 

the heat storage effects of the structures and plants can significantly alter the thermal and flow pattern 

due to buoyancy forces (Fidaros et al., 2010). Using conservation of energy, the amount of energy stored 

will be equal to the sum of the energy gained by internal energy sources, and the solar irradiation gains, 

minus the total losses to the surroundings and the ground (Sethi et al., 2013). 

The interior radiation is partially absorbed by plants, the rest is absorbed by the floor; a part of it is 

convected and evaporated into greenhouse air and the rest is stored by the plants (Singh & Tiwari, 2010). 

Similarly, the radiation absorbed by the floor is either convected and radiated into the greenhouse air or 

transferred to the ground through conduction (Singh & Tiwari, 2010). Existing greenhouse thermal models 

use the radiative properties of the greenhouse components to directly determine the absorbed energy 

terms, however, the  energy that is lost and the effects of the multiple reflections of solar radiation 

between the greenhouse components are often neglected in existing thermal models (Abdel-Ghany & Al-

Helal, 2011).  
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The total radiation on the walls and greenhouse roof is composed of three components: beam, diffuse 

and solar radiation reflected from the ground (Ajabshirchi et al., 2016). The total solar radiation on each 

surface of the greenhouse was calculated using standard methods (Duffie & Beckman, 2013). The 

transmission of solar radiation through greenhouse cover are functions of the incoming radiation, 

thickness, refractive index, and extinction coefficient of the cover. The hourly angle of incidence of beam 

radiation on a greenhouse cover and the beam radiation transmission through the cover was used by 

Singh & Tiwari, (2010) and Ajabshirchi et al.,( 2016) in their papers and calculated according to Fresnel 

and Bouguer's law (Duffie & Beckman, 2013). Since the angular distribution for the isotropic diffused and 

reflected radiation from the ground of their greenhouse was unknown, Ajabshirchi et al., (2016) used an 

equivalent angle of 60° for beam radiation which gave the same transmittance as diffused radiation. The 

following assumptions were made about plastic covered greenhouses by (Al-Mahdouri, Gonome, 

Okajima, & Maruyama, 2014) in their paper:  

- Greenhouse cover is thin and conduction heat transfer is dominant. The covering material is a 

nongray participating medium that absorbs and emits radiation.  

- Cover temperature is constant and uniform. 

- Scattering in the cover is isotropic. 

- Soil surface is assumed to be adiabatic with known spectral emissivity 𝜀k. 

However, assuming that the greenhouse cover only has conduction as the dominant heat transfer process, 

and the soil surface being adiabatic were considered to be oversimplifications, and were hence not 

applied to the lumped capacitance model discussed in Chapter 4. Furthermore, Al-Mahdouri et al., (2014) 

conducted and reported results for an experiment conducted on two different days when the sky was 

clear and sunny, and by comparing and reporting good agreements for theoretical and experimental 

temperatures for the glazing, inside air, and soil surface at noon only. The lumped capacitance model in 
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Chapter 4 has convection, solar radiation and infra-red radiation heat transfer occurring on the inner and 

outer surfaces of the high tunnel glazing. Convection, solar radiation, and infra-red radiation heat transfer 

also occur at the surface of the high tunnel soil with conduction heat transfer occurring through all the 

soil layers. It was also designed to able to predict the glazing, inside air, and soil layer temperatures 

minute-by-minute continuously over multiple days irrespective of the sky and weather conditions.  

2.3.2 Ventilation  

Ventilation is required in greenhouses to avoid excess heating during daytime, ensure sufficient 

quantities of carbon dioxide, and control the level of humidity inside (Castilla, 2013). Most greenhouses 

are equipped with fine-mesh insect screens to reduce the need for pesticide application; these act as 

physical barriers to insects, excluding pests from outside the greenhouse while maintaining those 

beneficial insects necessary for the crop inside the greenhouse. However, screens also affect airflow, 

significantly reducing the ventilation rate and increasing inside air temperature and humidity (López, 

Molina-Aiz, Valera, & Peña, 2016; Boulard et al., 2008). Screening ventilation openings also reduces 

convective heat losses by the inside environment (Mashonjowa et al., 2013; López et al., 2016). Screen 

porosity is normally used as the characteristic parameter that determines the effect of the net on the 

airflow and the greenhouse microclimate (temperature and humidity), but different thread diameters and 

tensions can result in different screening thicknesses which can also affect airflow (López et al., 2016).  

For an airspeed u, the drag forces induced by the insect screen is included by means of the porous medium 

approach governed by the Darcy–Forchheimer equation (Boulard et al., 2008). For an air speed 𝑢 (m/s), 

the drag forces induced by the insect screens that correspond to the term Sf (N/m3) are:  

 𝑆𝑓 =  − ((
𝜇

𝐾𝑝
) 𝑢 + (

𝐶𝐹

𝐾𝑝
0.5) 𝜌𝑢2) (2-4) 
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where 𝜌 (𝑘𝑔/𝑚3) is air density and 𝜇 (𝑘𝑔𝑠−1𝑚−1) dynamic viscosity. Values for the coefficients of 

permeability for the porous medium 𝐾𝑝 (𝑚2) and the non-linear momentum loss 𝐶𝐹 (-) are calculated 

from the geometric properties of the screen.  

2.3.3 Radiant Sky Temperatures  

Radiation heat transfer between the high tunnel and the sky at night can result in significant heat loss, 

especially with clear skies and influences the heat balances between the soil surface, vegetation and the 

cladding material which is partly transparent to the thermal radiation (Wang & Boulard, 2000).The 

temperature of the radiant sky is lower than the ambient temperature, resulting in the possibility of the 

high tunnel having an air temperature that is lower than the ambient temperature (Castilla, 2013). Since 

the radiant sky temperature is highly dependent on the amount of cloud cover, empirical models have 

been developed to model the temperatures for different stages of cloud cover.  

Equation 2-5 by Algarni & Nutter, (2015) and Centeno, (1982) incorporates the ambient air 

temperature (𝑇𝑎𝑚𝑏) and the emissivity of the sky (𝜀𝑠𝑘𝑦) to calculate a radiant sky temperature (𝑇𝑟𝑠). Both 

sources use the same equation, where the temperatures are in Celsius (℃). Fraction of cloud cover is not 

incorporated in this equation.  

 𝑇𝑟𝑠 = (𝜀𝑠𝑘𝑦)
0.25

𝑇𝑎𝑚𝑏 (2-5) 

Whillier (1967) assumes that the temperature of the radiant sky is 6℃ below the ambient 

temperatures (℃). There are no comments on cloud cover and the site-conditions.  

 𝑇𝑟𝑠 = 𝑇𝑎𝑚𝑏  − 6 
 

(2-6) 
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Garg (1982) recorded measurements in Australia and assumed that temperature of the radiant 

sky is 20℃ below the ambient temperatures. There are no comments on cloud cover and the site-

conditions. 

 𝑇𝑟𝑠 = 𝑇𝑎𝑚𝑏  − 20 
 

(2-7) 

For a completely cloud-covered sky, Dreyfus, (1960) created a model in which it is assumed that 

the ambient air temperature is the same the emissivity of the sky, and the temperatures is expressed in 

degrees Celsius℃.  

 𝑇𝑟𝑠 = 𝑇𝑎𝑚𝑏 
 

(2-8) 

Swinbank (1963) developed an equation for calculating the temperature of the radiant sky for 

clear days only with no cloud cover. The site of the measurements were in Australia. This equation 

averages out the effects that humidity and elevation have on sky temperatures. 

 𝑇𝑟𝑠 = 0.0552 × (𝑇𝑎𝑚𝑏)1.5 (2-9) 

Aubinet (1994), Colliver (1991), and Monteith & Unsworth, (1991) all developed one, two, and three-

variable equations for calculating the radiant sky temperature which takes into account the cloud cover 

and the clearness index (𝐾0). These empirical models were based on measurements carried out in 

Gembloux, Belgium. The effects of the following variables are also incorporated in these equations:  

-  𝑒0: water vapour pressure of the air (Pa)  

- 𝛾: psychometric constant (Pa/K) 

- 𝑇𝑤: psychometer wet bulb temperature (K)  

- 𝑒0
∗(𝑇): saturation water vapour pressure at temperature, T (Pa) 
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- 𝐻: daily global solar irradiation (J/m2)  

- 𝐻0: daily extraterrestrial solar irradation intercepted by a plane parallel to the surface of the earth 

(J/m2) 

The one-variable models are based on the water vapour pressure of the air.  

 𝑇𝑟𝑠 = 256 + 0.0164 × 𝑒0 (2-10) 

 𝑇𝑟𝑠 = 147 + 18.2 × ln (𝑒0) (2-11) 

 𝑇𝑟𝑠 = 291 − 51.6 × exp (−𝑒0/1000) (2-12) 

 𝑇𝑟𝑠 = −91 + 257 × (𝑒0)0.05 (2-13) 

The two-variable models are based on either the water vapour pressure of the air and the clearness index, 

or the ambient air temperature and the clearness index.  

 
𝑇𝑟𝑠 = 154 + 17.7 × ln(𝑒0) − 9.93𝐾0 

(2-14) 

  
𝑇𝑟𝑠 = −29 + 1.09 × 𝑇𝑎𝑚𝑏 − 19.9𝐾0 

(2-15) 

The three-variable model is a function of the water vapour pressure of the air, the clearness index, and 

the ambient air temperature.  

 𝑇𝑟𝑠 = 94 + 12.6 × ln(𝑒0) − 13 × 𝐾0 + 0.341 × 𝑇𝑎𝑚𝑏 (2-16) 

Fuentes (1987) developed a model for an average cloudy day in the United States by computing the 

average cloudiness index of 0.61 for 68 cities. It is a modified version of the equation developed by 

(Swinbank, 1963), and assumes that a perfectly clear day has a clearness index 0.9. Cloudiness and 

haziness causes a 32% reduction in horizontal insolation and makes it 32% closer to the ambient 

temperature on an average day (than during perfectly clear days). 
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𝑇𝑟𝑠 = 0.68 (0.0552(𝑇𝑎𝑚𝑏

1.5 )) + 0.32𝑇𝑎𝑚𝑏 
(2-17) 

 

Wang & Boulard (2000) also developed a model based on equation 2-17 which incorporates the 

fraction of the cloud-covered sky (𝑆). The fraction of cloud cover can range between 0 to 100% in this 

model.  

 
𝑇𝑟𝑠 =  𝑆(𝑇𝑎𝑚𝑏) + 0.0552(1 −  𝑆)𝑇𝑎𝑚𝑏

1.5  

 

(2-18) 

The model from (Wang & Boulard, 2000) has been used in the parametric model described in this thesis, 

since the fraction of the cloud-covered skies can be varied, and because the effects that humidity and 

elevation have on sky temperatures are averaged out.  

2.3.4 Convection heat transfer coefficients  

The main convective heat transfer pathways in a high tunnel are from the outer surface of the glazing 

to the ambient air, from the inner surface of the glazing to the inside air, and from the soil surface to the 

inside air. Many different heat transfer coefficients (ℎ) are used which are empirically derived and specific 

to the type of greenhouse. Those for convection on the outside of the tunnel are usually a function of 

wind-speed 𝑢 (m/s).  

Garzoli & Blackwell (1981) empirically derived the convective heat transfer coefficient between the 

outside of the greenhouse cover and the ambient air, where a mean value for the convective coefficient 

for the inside of a polyethylene greenhouse cover was proposed (when the greenhouse air temperature 

is higher than the cover temperature).   

 
ℎ = 7.2 + 3.84𝑢 (2-19) 
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Bot (1983) conducted in-situ measurements in a Venlo-type glasshouse and empirically derived a model 

for a rigid, glass-like structure from the cover to the outdoor ambient air.  

 
ℎ = 2.8 + 1.2𝑢 

(𝑓𝑜𝑟 𝑢 ≤ 4𝑚𝑠−1) 
(2-20) 

Kittas (1986) proposed models for modelling convection heat transfer between the outside of the 

greenhouse cover and the air and between the inside of the greenhouse cover and the greenhouse air. 

Measurements were recorded in a tunnel type greenhouse with a polyvinylchloride (PVC) cover and the 

equation has no stated bounds on the range of the wind velocities. 𝑇𝑔𝑙𝑎 and  𝑇𝑖𝑛 refer to the temperature 

of the glazing and the inside air respectively.  

The convective heat transfer coefficient between the outside of the greenhouse cover and the air 

according to Kittas, (1986) is:  

 ℎ = 1.32(𝑇𝑔𝑙𝑎 −  𝑇𝑎𝑚𝑏)
0.25

+ 3.12𝑢0.8 

(𝑇𝑔𝑙𝑎 >  𝑇𝑎𝑚𝑏) 
(2-21) 

The convective heat transfer coefficient between the inside of the greenhouse cover and the greenhouse 

air according to Kittas, (1986) is:  

 
ℎ = 4.3(𝑇𝑖𝑛 − 𝑇𝑔𝑙𝑎)

0.25
 

(𝑇𝑖𝑛 >  𝑇𝑔𝑙𝑎) 

 

(2-22) 

(Papadakis, Frangoudakis, & Kyritsis, (1992) applied numerical methods to data collected through 

experimentation from both surfaces of a small PE-covered greenhouse to the ambient air and the inside 

air.  They were later parametrized as functions of air-cover temperature differences between the inside 

air and the ambient air of the greenhouse.  
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For 𝑇𝑖𝑛 −  𝑇𝑔𝑙𝑎 > 0.3℃, 𝑇𝑔𝑙𝑎 −  𝑇𝑎𝑚𝑏 > 0.3℃: Convective heat transfer coefficient between the outside 

of the greenhouse cover and the air according to Papadakis et al., (1992):  

 
ℎ = 0.95 + 6.76𝑢0.49 

(𝑢 ≤ 6.3𝑚𝑠−1) 
 

(2-23) 

Convective heat transfer coefficient between the inside of the greenhouse cover and the greenhouse air 

according to Papadakis et al., (1992):  

 
ℎ = 2.21(𝑇𝑖𝑛 −  𝑇𝑔𝑙𝑎)

0.33
 

(0.3 <  𝑇𝑖𝑛 −  𝑇𝑔𝑙𝑎  ≤ 13.8℃) 

 

(2-24) 

 

For 𝑇𝑔𝑙𝑎 −  𝑇𝑖𝑛 > 0.3℃, 𝑇𝑐 − 𝑇𝑜 > 0.3℃: Convective heat transfer coefficient between the inside of 

the greenhouse cover and the greenhouse air according to Papadakis et al., (1992):  

 
ℎ = 1.95(𝑇𝑔𝑙𝑎 −  𝑇𝑖𝑛)

0.30
 

(𝑇𝑔𝑙𝑎 −  𝑇𝑖𝑛  ≤ 11.1℃) 

 

(2-25) 

Kanthak (1970) empirically derived models for a 20m by 10m well heated greenhouse, the cladding 

material being unknown. The convective heat transfer coefficient between the outside of the greenhouse 

cover and the air according to Kanthak, (1970) is: 

 ℎ = 3.49𝑢 (2-26) 
   

The convective heat transfer coefficient between the inside of the greenhouse cover and the 

greenhouse air according to Kanthak, (1970) is:  

 
ℎ = 1.93(∆𝑇)0.33 

 
(2-27) 
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De Halleaux (1989) empirically derived models for large-scale greenhouses. The convective heat transfer 

coefficient between the outside of the greenhouse cover and the air, where 𝐿𝐶  is the characteristic 

length of the greenhouse (m) according to De Halleux, (1989) is:   

 
ℎ =

5.96(𝑢0.8)

𝐿𝐶
0.2  

(2-28) 

 

The convective heat transfer coefficient between the inside of the greenhouse cover and the 

greenhouse air according to De Halleux, (1989) is:  

 ℎ = 1.86(∆𝑇)0.33 (2-29) 
 

Stoffers (1985) developed empirical models for screened greenhouses. The convective heat transfer 

coefficient between the outside of the greenhouse cover and the air according to Stoffers, (1985) is:  

 ℎ𝑐 = 3.3(∆𝑇)0.33 
 

(2-30) 

The convective heat transfer coefficient between the inside of the greenhouse cover and the 

greenhouse air according to Stoffers, (1985) is:  

 
 

ℎ𝑐 = 3.4(∆𝑇)0.33 
 

(2-31) 

Miguel (1998) developed an empirical model for screened greenhouses and double-span glasshouses. The 

convective heat transfer coefficient between the inside of the greenhouse cover and the greenhouse air 

according to Miguel, (1998) is:  

 
 

ℎ = 2.97(∆𝑇)0.33 
 

(2-32) 
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Lamrani, Boulard, Roy, & Jaffrin, (2001) developed models for confined, reduced-scale, mono-span 

greenhouses with a heated floor surface. The convective heat transfer coefficient between the inside of 

the greenhouse cover and the greenhouse air according to Lamrani et al., (2001) is: 

 
 

ℎ = 2.97(∆𝑇)0.33 
 

(2-33) 

The convective heat transfer coefficient between the heated floor surface and the inside air of 

greenhouses according to Lamrani et al., (2001) is:  

 ℎ = 5.2(∆𝑇)0.33 (2-34) 
   

Silva (1988) developed an empirical model for a greenhouse with a base soil surface. The convective 

heat transfer coefficient between soil surface and the inside air of greenhouses according to Silva, 

(1988) is:  

 ℎ = 10(∆𝑇)0.33 
 

(2-35) 

Nijskens, Deltour, Coutisse, & Nisen, (1983) mathematically derived models for different sky conditions, 

a PE glazing of 0.1mm thickness, wind speed of 4m/s, radiant sky temperature of −28℃, ambient air 

temperature of −10℃ and inside air temperature of 20℃.  

For clear, cloudless skies:  

 ℎ = 9 𝑊𝑚−2𝐾−1 
 

(2-36) 

For overcast skies:  

 ℎ = 7.2 𝑊𝑚−2𝐾−1 (2-36) 

Of all the equations given in this section, equations 2-19, 2-23, and 2-26 were the three equations that 

were chosen to be implemented in the lumped capacitance model given the similarities to the high tunnels 
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at the GCUOF. Equation 2-19 by Garzoli & Blackwell, (1981) was chosen since it was based on a passive 

polyethylene greenhouse, similar to the high tunnel glazing at the GCUOF. Equation 2-23 by Papadakis et 

al., (1992) was chosen as it was based on small polyethylene covered greenhouses with a recorded 

ambient wind-speed less than 6.3 m/s, which was representative of the wind conditions at the GCUOF. It 

was noted however than the temperature differences between the cover and the inside air was unknown 

at the GCUOF, while Papadakis et al., (1992) had measured temperature differences for the cover and the 

inside air. Finally, equation 2-26 by Kanthak, (1970) was used since it was only a function of the wind-

speed without any leading constant, although the type of material the equation was based on remained 

unknown. The other equations were not used in the model since they relied heavily on the measured 

cover temperature. The greenhouse glazing temperature had not been measured for the GCUOF high 

tunnels, and were programmed to be predicted by the model. Hence, the temperature differences may 

not have been accurate for comparative purposes.  

2.3.5 Soil parameters  

Soil parameters such as density, thermal conductivity, and specific heat capacity all influence the 

amount of energy that is stored and released by the soil. Ranges of these parameters have been defined 

by different authors using different methods. The ranges of soil thermal parameters from all the authors 

are summarized in Table 2-1.  

Abu-Hamdeh & Reeder, (2000) investigated sieved and repacked Jordanian soils including sand, 

sandy-loam, loam, and clay-loam through lab studies which were air-dried prior to sieving.  A single-probe 

method was used to measure thermal conductivity. For studied samples, the thermal conductivity 

increased with increasing soil density and moisture content. The desired water content was achieved by 
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adding known quantities of distilled water to the air-dried soil (ranging from 1.4 – 21.2% by volume) and 

by mixing the sample thoroughly. The properties of the soil are given in Table 2-1.  

Barry-Macauley, Bouazza, Singh, Wang, & Ranjith, (2013) used the KD2- Pro sensor with KS-1 probe 

and tested fully saturated, and then fully dried samples (oven dried at 105℃) of fine and coarse grain soil. 

All samples were tested at average temperature of 28℃, with the change in temperature varying from 6 

- 15℃, and moisture content ranging from 0 – 100%. Between 20 and 45 minutes were required to reach 

equilibrium. It was noted that well-packed soil had higher thermal conductivity, likely due to more particle 

contact points. Thermal conductivity increases with density for all moisture contents and higher density 

means larger number of soil particles, lower number of air particles per unit volume which means higher 

heat transfer.  

Mondal, Padmakumar, Sharma, Singh, & Baghini, (2016) tested five different granular soil samples 

including sand and silty sand from different locations in India. A thermal probe working on the principle 

of the ‘transient heat method’ was used to obtain the data, where a constant voltage was applied to the 

probe, which was inserted in a sample mould. Different constant voltages were applied to the samples for 

around 10-minutes at a time, and the thermal response of the soil was obtained by plotting the 

temperature of the probe against the log of the time. Mondal et al., (2016) concluded that the transient 

method which assumes uniform heat passing through the entire sample is unreasonable, and hence 

suggested a thermal flux method which can measure the variation in flux intensity at different sections 

using flux sensors and thermocouples. Results from their experiments are given in Table 2-1.  

Rankinen, Karvonen , & Butterfield, (2004) analyzed different soil samples from multiple locations in 

Finland. The samples were either seasonally frozen or covered in snow. Temperatures were simulated for 

20cm and 50cm depth. The model was calibrated using data from September 1981 – August 1990 and 
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tested using measured soil temperatures from September 1990 – August 2001. The soil-water content 

was assumed to be constant throughout the simulation with no heat flow from the bottom of the soil 

profile. It was concluded that snow loading did not impact temperatures or measurements at the specified 

depths. 

Liu, et al., (2012) used a dual probe (DP) method to obtain thermal conductivity and specific heat 

capacity through a Pulse Infinite Line Source model and Differential Scanning Calorimetry (DSC). The 

specific heat capacity was overestimated by the probe for dry soil. Controlled background temperature 

fluctuations were less than 0.01℃ and the site of measurement was in China.  
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Table 2-1: Ranges of thermal conductivity (k), heat capacity (c), and density for different soil types as measured by 
the different authors.  

Soil Type 
Soil Thermal 

Conductivity (k) 

Soil Heat 

Capacity (c) 
Soil Density (ρ) Source 

Sand 

0.58 – 1.94 W/m∙K - 1.23 – 1.59 g/cm3 
Abu-Hamdeh & 

Reeder, (2000) 

0.1 – 2.9 W/m∙K - 1000 – 2100 kg/m3 

Barry-Macauley, 

Bouazza, Singh, Wang, 

& Ranjith, (2013) 

0.27 – 0.35 W/m∙K - 1.50 – 1.90 g/cm3 

Mondal, 

Padmakumar, Sharma, 

Singh, & Bhagini, 

(2016) 

0.516 W/m∙K 1.00 × 106 J/m3˚C - 
Rankinen, Karvonen , 

& Butterfield, (2004) 

1.07 W/m∙K 719 – 793 J/kg∙K 1700 kg/m3 Liu, et al., (2012) 

Sandy-loam  

0.19 – 1.12 W/m∙K - 1.23 – 1.59 g/cm3 
Abu-Hamdeh & 

Reeder, (2000) 

0.523 W/m∙K 1.10 × 106 J/m3˚C - 
Rankinen, Karvonen , 

& Butterfield, (2004) 

Loam  0.29 – 0.76 W/m∙K - 1.23 – 1.59 g/cm3 
Abu-Hamdeh & 

Reeder, (2000) 

Clay-loam  0.36 – 0.69 W/m∙K - 1.23 – 1.59 g/cm3 
Abu-Hamdeh & 

Reeder, (2000) 

Silty-clay  0.15 – 1.5 W/m∙K - 1000 – 1750 kg/m3 

Barry-Macauley, 

Bouazza, Singh, Wang, 

& Ranjith, (2013) 

Clayey-sand 0.1 – 2.9 W/m∙K - 1200 – 2100 kg/m3 

Barry-Macauley, 

Bouazza, Singh, Wang, 

& Ranjith, (2013) 
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2.4 Literature Review Summary  

Greenhouses create a favourable microclimate for crop production by trapping shortwave solar 

radiation and storing longwave thermal radiation. The microclimate inside greenhouses are strongly 

dependent on external climate conditions. They are classified based on the cladding material, shape, cost 

and the technology used behind crop production. High tunnel greenhouses (such as the ones in the 

GCUOF) are unheated passive solar structures with passive ventilation. The three most commonly used 

energy modelling techniques for high tunnels include CFD, data-driven simulations such as ANNs, and one-

dimensional lumped capacitance parametric models which investigates energy flows into and out of the 

high tunnels. There are five main components that affect the microclimate which are:  

- Solar radiation transmission through the high tunnel glazing  

- Ventilation  

- Sky properties such as the radiant sky temperature  

- Convection heat transfer between the air, soil, and glazing  

- Thermal capacity of the soil  

These components are further discussed and specifically applied to the high tunnels at the GCUOF in 

different combinations in the lumped capacitance energy model (Chapter 4) and in the ANN (Chapter 5) 

to predict temperatures of air and soil inside the high tunnels. It was noted that there was not enough 

literature available on using lumped capacitance models designed to use and predict high resolution data 

(such as one minute averaged data), and on the effect of rapid temperature changes between day and 

nighttime, in presence and absence of solar radiation. Using high resolution data for predictive modelling 

can offer insight into how rapidly a passive solar high tunnel can gain and lose heat, and the range of 

temperatures that it can sustain.  
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3 Experiments  

Several experiments were designed and conducted in order to collect data relevant for developing 

and validating models of high tunnel microclimate. Data including solar radiation, ambient temperature, 

wind-speed, high tunnel air and soil temperatures, and relative humidity was collected on-site at the 

GCUOF during the 2015 and 2016 growing seasons. The thermal properties of the GCUOF soil, namely 

thermal conductivity, heat capacity and density, were experimentally measured. The aerodynamic 

properties of the high tunnel insect screen used in the GCUOF were also experimentally measured. Each 

of these experimental investigations is detailed in this chapter.  

3.1 GCUOF Measurement Campaigns  

High resolution microclimate measurements were recorded within a set of research high tunnels in 

Guelph, Ontario, Canada, during May 28 – November 4, 2015 and May 14 – November 22, 2016. These 

structures are located at the Guelph Centre for Urban Organic Farming (GCUOF) at the University of 

Guelph. The GCUOF is a one hectare (2.5 acre) demonstration farm which produces certified organic 

produce, while also conducting education, outreach, research and technology transfer activities. The site 

(Figure 1-2) contains a total of six freestanding Quonset-style, steel-framed high tunnels, and three field 

plots in a 3×3 grid. Microclimate measurements were taken in two high tunnels: one with unscreened side 

openings (labelled “U”), and one with screened door and side openings (labelled “S”), and one field plot 

(labelled “F”). The tunnels are aligned from southwest to northeast and are 7.2 m wide, 10.8 m long, and 

3.8 m high at the roof peak, and manufactured by De Cloet Greenhouse Manufacturing, located in Delhi, 

Ontario. The high tunnels are covered with a single layer of greenhouse-grade polyethylene sheeting, 

which were rolled upward manually on the two long sides (but not the ends) to form ventilation openings. 

These openings ran along the whole length of the high tunnel and were 0.7 m tall. They were kept closed 
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during low temperature periods (typically when day time maximum temperature was forecast to be less 

than 10 C) and opened to prevent overheating during high solar radiation and high ambient air 

temperature periods. 

The soil was cultivated by a rototiller prior to transplanting and used to create raised beds (0.8m x 

0.25m x 10.3m) spaced 0.4m apart. A drip irrigation line (Garden Drip Tape, GO151000; Dubois 

Agrinovation Inc., St-Remi, Quebec) was installed at the centre of each bed, and water was applied to the 

root zones at 1.8L/m2 weekly, but often varied to suit plant needs based on ambient conditions (Kong et 

al., 2017). The side vents and door opening on the screened high tunnel used Econet T anti-insect screens 

(Gintec Shade Technologies Inc., Windham Center, Ontario, Canada), with a regular, rectangular mesh, a 

measured density of 40 threads per inch by 30 threads per inch (16 threads per centimetre by 12 threads 

per centimeter), a measured pore size of 0.15mm x 0.35mm, a thread diameter of 0.5 mm, and measured 

optical porosity of was 40% (Lubitz, Zheng, Kong, & Llewellyn, 2016), (Kong et al., 2017).  The high tunnels 

were constructed on-site during the fall of 2014. Crops of pea shoots, edible chrysanthemum, bitter 

melons, and tomatoes were grown in the high tunnels during the growing seasons. Tomatoes and bitter 

melons were trellised within the high tunnels as they were climbing crops (Lubitz et al., 2016), shown in 

Figure 3-1.  
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Figure 3-1: Top: bitter melons (left) and tomatoes (right) trellised in the unscreened high tunnels with sides open 
for ventilation. Bottom: Schematic of the instruments and their respective heights in the high tunnel; diagram is 
not to scale.  
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Three masts were placed in the center of the screened tunnel, field and unscreened tunnel to support 

the following meteorological instruments (Lubitz et. al, 2016):  

 Air temperature sensors: thermistors (Pace Scientific PT9 series) at heights of 0.3 m, 1.0 m at all 

sites and also 3.0 m above ground in high tunnels only).  

 Soil temperature sensors: thermistors (Pace Scientific PT916) at depths of 5 cm (2-inches) and 15 

cm (6-inches) below ground.  

 Solar radiation: Pace Scientific SRS-100 pyranometers positioned 0.7 m or 3 m above ground.  

 Air speed and sonic air temperature: RM Young 81000 3-dimensional sonic anemometer with 

centre of sensing volume positioned 1.00 m above ground.  

Data was recorded at one minute intervals for all sensors. Three Pace XR5-SE data loggers recorded 

the RTD temperature sensors and pyranometers during 2015. Two Campbell Scientific CR1000 data 

loggers recorded one minute mean values and statistics on three components of wind speed and sonic 

temperature from the three sonic anemometers during 2016.  

3.1.1 Data from Growing Seasons  

Data was collected for the 2015 growing season during May 28 – November 4, 2015 (Julian Day 148 – 

308). Data was collected for the 2016 growing season during May 14 – November 22, 2016 (Julian Day 

135 – 305).   Maximum and minimum air temperatures and mean soil temperatures at 2-inch and 6-inch 

depths were computed for 24-hour periods (midnight – midnight) for the screened high tunnel, 

unscreened high tunnel, and the field plot, and are shown in Figures 3-2 to 3-4 and Figures 3-6 to 3-8 for 

each growing season. Mean wind speeds for each high tunnel and the field for both growing seasons are 

shown in Figures 3-5 and 3-9. The variation of temperatures, solar radiation, and wind-speed computed 

using the one minute mean values are shown for a period of five days in each growing season. Table 3-1 
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shows the range of temperatures, solar radiation, and wind-speed for each month of the two growing 

seasons.  

Figures 3-2, 3-3, and 3-4 show the daily temperatures recorded for the 2015 growing season in the 

field plot, unscreened tunnel, and the screened tunnel respectively. The daily maximum air temperatures 

were frequently over 40˚C in the screened high tunnel, almost 10˚C higher than the maximum 

temperatures recorded in the field. The unscreened tunnel daily maximum air temperatures were 

frequently over 30˚C, between 5 – 10˚C higher than the maximum temperatures recorded in the field. The 

minimum air temperatures for each high tunnel however track very closely with the ambient air 

temperature, and is lower by up to 3˚C at times, indicating that the high tunnels do not have a high heat 

storing capacity when there is no incoming solar radiation. Average soil temperatures at the 2-inch and 6-

inch depths were very similar in the field and very responsive to changes in air temperature the field, and 

increased and decreased accordingly with changes in air temperature. The average soil temperature at 

the 2-inch depth was mostly the highest and responsive to the air temperature in the unscreened tunnel, 

while the 6-inch average temperature was more consistent, and lower than the 2-inch soil temperatures 

at most times. Average soil temperatures in the screened tunnel at both depths were very similar and up 

to 5˚C higher than the field temperatures. The high tunnel soil has a higher thermal storage capacity than 

the air, and can retain higher temperatures than what is recorded in the field, in absence of solar radiation.  

The screened tunnel recorded the lowest wind-speeds, as expected, since the mesh significantly 

reduces the airflow inside the tunnel. The unscreened tunnel had higher wind-speeds recorded, notably 

when the sides were open for ventilation. Both high tunnels however had significantly less airflow inside 

the tunnel than the field plot, 77% lower for the unscreened tunnel and 85% for the screened tunnel, 

shown in Figure 3-5.  
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Figure 3-2: Maximum and minimum ambient temperatures with 2-inch and 6-inch soil temperatures recorded in 
the field during May – November 2015.  

 

Figure 3-3: Maximum and minimum air temperatures with 2-inch and 6-inch soil temperatures recorded in the 
unscreened tunnel during May – November 2015. 
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Figure 3-4: Maximum and minimum air temperatures with 2-inch and 6-inch soil temperatures recorded in the 
screened tunnel during May – November 2015. 

 

 

Figure 3-5: Measured 24-hour average wind-speeds in the screened tunnel, unscreened tunnel, and the field 
during 2015.  
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Figures 3-6, 3-7, and 3-8 show the daily temperatures recorded for the 2016 growing season in the 

field plot, unscreened tunnel, and the screened tunnel respectively. 2016 was a warmer season with 

temperatures in the field plot mostly over 30˚C. The daily maximum air temperatures were mostly over 

40˚C in the screened high tunnel, almost 10˚C higher than the maximum temperatures recorded in the 

field, as observed with the 2015 growing season. The unscreened tunnel daily maximum air temperatures 

were frequently over 35˚C, between 5 – 10˚C higher than the maximum temperatures recorded in the 

field. The minimum air temperatures for each high tunnel however track very closely with the ambient air 

temperature, and sometimes higher by up to 2˚C. Average soil temperatures at the 2-inch and 6-inch 

depths were very similar in the field and very responsive to changes in air temperature the field, and 

increased and decreased accordingly with changes in air temperature. The average soil temperature at 

the 2-inch depth was mostly the highest and responsive to the air temperature in the unscreened tunnel, 

while the 6-inch average temperature was more consistent, and lower than the 2-inch soil temperatures 

almost all the time. Average soil temperatures in the screened tunnel at both depths were very similar 

and up to 5˚C higher than the field temperatures. The screened tunnel recorded the lowest wind-speeds, 

as expected, since the mesh significantly reduces the airflow inside the tunnel. The unscreened tunnel 

had higher wind-speeds recorded, notably when the sides were open for ventilation. Both high tunnels 

however had significantly less airflow inside the tunnel than the field plot, 47% for the unscreened tunnel 

and 58% in the screened tunnel, shown in Figure 3-9.  
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Figure 3-6:  Maximum and minimum ambient temperatures with 2-inch and 6-inch soil temperatures recorded in 
the field during May – November 2016.  

 

 

Figure 3-7:  Maximum and minimum air temperatures with 2-inch and 6-inch soil temperatures recorded in the 
unscreened tunnel during May – November 2016. 
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Figure 3-8: Maximum and minimum air temperatures with 2-inch and 6-inch soil temperatures recorded in the 
screened tunnel during May – November 2016. 

 

Figure 3-9: Measured wind-speeds in the screened tunnel, unscreened tunnel, and the field during 2015.  
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The soil temperatures within the high tunnels were consistently warmer than the soil in the field 

plot, especially at the beginning and end of each growing seasons. The air temperatures showed a similar 

trend, but with much greater range and hourly/diurnal variability. The air temperatures were the highest 

during sunny periods, quickly returned close to outdoor field temperatures at night. This relatively low 

apparent thermal mass was consistently observed. It was also found that the high tunnels provided little 

frost protection without the addition of additional, non-transparent plant coverings. The effect of opening 

the high tunnel sides observed in Figure 3-10, when inside air temperatures rapidly fall around time-of-

days 157.4, 158.4 and 159.5. Closing the tunnel sides in the evening is also observed as abrupt, but smaller, 

increases in inside air temperature relative to the outside field temperature during the evenings. 

 

 

Figure 3-10: Example conditions within high tunnels for three days in June, 2015. 



47 

 

 

 

3.2 Soil Properties Lab Testing  

Soil thermal conductivity and specific heat capacity vary with the moisture content of the soil. Soils 

with high moisture contents typically hold higher volumes of water, and hence has higher densities, 

thermal conductivities and corresponding specific heat capacities. Since the soil has a larger thermal 

storage capacity than air (because of a higher density), it is important to be able to accurately model the 

conduction, convection, and radiation heat exchanges occurring by including the appropriate moisture 

content and the parameters that it affects.  

3.2.1 Methodology  

Soil samples were collected near the center of the unscreened high tunnel. Care was taken to collect 

a sample of soil representative of the worked soil in the top six inches within a high tunnel. The soil 

samples were collected from the field after the crop was harvested, and was dry due to the lack of 

irrigation. The density of the soil as it was found was approximately 1530 kg/m3. The soil was found to be 

a clay loam soil, with some organic matter included. Soil was stored in the lab in sealed containers to 

prevent changes in moisture content during storage. 

Six different measurements were recorded of the high tunnel clay loam soil with varying moisture 

contents. A KD2 Pro Thermal Properties Analyzer (Decagon Devices Inc.) with an SH-1 Dual Needle Sensor 

was used to measure the thermal conductivity, the corresponding heat capacity, and the percentage 

error. For all measurements, the volume of soil used was 750 ml. One of the samples as collected was 

dried for 24 hours in an oven at 104˚C to remove all moisture. Deionized water was added to the other 

soil sample in 30 ml increments until the soil was fully saturated at 150 ml of water. The corresponding 

density, thermal conductivity, and heat capacity were recorded for each 30 ml of water added to the soil 

sample. After adding each increment of water, the soil was left undisturbed for 30-minutes for the water 
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to percolate, after which the measurements were recorded. The SH-1 Dual Needle Sensor was inserted 

into the soil until the level marked on the sensor and taped to the sides so that the sensor could stay 

stable.  

3.2.2 Results and Comparison with Literature  

Table 3-1 shows the averages of the data collected from the experiment. The densities were 

computed based on the amount of water that was added to the soil. Three measurements were taken for 

the oven-dried soil, and for each of the 30 ml water increments.  
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Table 3-1: Properties of the GCUOF high tunnel, clay-loam soil.  

Soil condition 

Mass of 
water 
added 

(kg) 

Mass 
of soil 

(kg) 

Total 
Mass (kg) 

Density 
(kg/m3) 

Average 
Thermal 

Conductivity 
(W/m∙K) 

Heat 
Capacity 
(J/kg∙K) 

Average 
error 
(%) 

Dried in oven 
for 24hrs @ 

104 ˚C 
0 1.146 1.146 1527.8 0.099 482.6 1.1 

Soil with 30ml 
water; slightly 

damp 
0.03 1.146 1.176 1567.8 0.504 996.7 3.9 

Soil with 60ml 
water; damp 

0.06 1.146 1.206 1607.8 0.587 1053.0 0.9 

Soil with 90ml 
water; moist 

0.09 1.146 1.236 1647.8 0.712 1206.1 0.6 

Soil with 
120ml water; 
well-watered 

0.12 1.146 1.266 1687.8 0.934 1349.9 0.6 

Soil with 
150ml water; 

saturated 
Error displayed by instrument due to high water content in the soil 

 

According to Abu-Hamdeh & Reeder, (2000), the thermal conductivity of a clay loam soil is in the range 

of 0.36 – 0.69 W/m∙K, with a corresponding density of 1.23 – 1.59 g/cm3. (Moisture contents were not 

given.) The range of the thermal conductivity for the soil measured in the lab was 0.099 – 0.934 W/m∙K 

with a corresponding density of approximately 1530 – 1690 kg/m3.  
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For the purposes of the lumped capacitance model in chapter 4, the thermal conductivities chosen 

were 0.587 W/m∙K, 0.712 W/m∙K, and 0.934 W/m∙K, with corresponding heat capacities of 1050 J/kg∙K, 

1206 J/kg∙K, and 1350 J/kg∙K, and densities of 1610 kg/m3, 1650 kg/m3 and 1690 kg/m3 respectively. This 

corresponds to the soil conditioned described as damp, moist, and well-watered, and is highlighted in 

Table 3-1. The saturated, slightly damp, oven dried, and as-found soil were considered to be unlikely soil 

conditions within a high tunnel within which rain does not fall and irrigation is used to maintain 

appropriate soil conditions for productive plant growth. 

3.3 Airflow through Insect Screen  

High tunnel greenhouses are mainly used to grow small fruits and vegetables in a protected 

environment. They increase crop yield due to protection from inclement weather, lengthen the growing 

season, and incorporate non-chemical pest control measures. Pest control is accomplished by using 

meshes and netting with varying porosity and permeability. However, while these meshes can lower the 

need for using pesticides by preventing infestation by insects, they significantly alter the microclimate 

inside the high tunnels. Data from field studies conducted during 2015 and 2016 have shown that 

screened high tunnels (i.e. with insect netting) have higher interior temperatures and humidity levels, and 

lower ventilation, when compared to unscreened high tunnels. Screened high tunnels also appeared have 

better frost resistance than unscreened tunnels and open fields. In this experiment, the pressure drop 

across a porous screen was measured for a range of air flow rates to better understand the how the 

airflow behind the mesh is affected. Results from this experiment will then be used in models to quantify 

the effects on the microclimate inside the high tunnels.  

Most greenhouses are equipped with fine-mesh insect screens to reduce the need for pesticide 

application; these act as physical barriers to insects by maintaining those necessary for the crop inside the 
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greenhouse, but also to the airflow by significantly reducing the ventilation rate and increasing the inside 

air temperature and humidity (Majdoubi, Boulard , Fatnasi, & Bouirden, 2009; Lopez, Molina-Aiz, Valera, 

& Pena, 2016). It also reduces convective heat losses by the inside environment. Screen porosity is 

normally used as the characteristic parameter that determines the effect of the net on the airflow and 

the greenhouse microclimate (temperature and humidity), but different thread diameters and tensions 

can result in different screening thicknesses which can also affect airflow (Lopez, Molina-Aiz, Valera, & 

Pena, 2016; Teitel & Shkylar, 1998). Fluid density and the normal component of the upstream velocity are 

also factors that can be used to calculate pressure loss coefficients (De Vahl Davis, 1957; Teitel & Shkylar, 

1998). Pressure losses in flow components are generally characterized either by pressure loss coefficients 

or by discharge coefficients; the pressure drop (ΔP) across the screens for incompressible fluids is given 

as Bommisetty, Joshi, & Kollati, 2013; De Vahl Davis, 1957; Miguel, 1998;  Teitel & Shkylar, 1998): 

∆𝑃 = 𝐾 (
𝜌𝑢2

2
)      (3-1) 

where K is the pressure loss coefficient, 𝜌 is the fluid density, and 𝑢 is the superficial velocity, dependent 

on the gross area of the screen. The relationship between the pressure-loss coefficient and the discharge 

coefficient for regular square-mesh screens with the porosity ranging from 0.14 to 0.79 is given as 

(Bommisetty, Joshi, & Kollati, 2013): 

𝐾 = (
1

𝑐2) (
1−𝜔2

𝜔2 )     (3-2) 

where c is the discharge coefficient, and 𝜔 is the porosity (ratio of the surface area opening to the total 

area). The discharge coefficient for the screen is for the screen with an aperture of 𝐷𝑠 is expressed as a 

function of the screen Reynolds Number (Re) in a graphical form (Bommisetty, Joshi, & Kollati, 2013):  

𝑅𝑒 =  𝐷𝑠 (
𝑢

𝜔
) (

𝜌

𝜇
)     (3-3) 
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where 𝜇 is the dynamic viscosity of the fluid. The relationship is limited to incompressible flows only 

(Bommisetty, Joshi, & Kollati, 2013). The insect-screen is assumed to be a flat surface which causes a 

reduction in pressure and the velocity uniformly over its area, for the direction of the airflow 

perpendicular to the net (De Vahl Davis, 1957).  

3.3.1 Methodology    

A lab-scale experiment was conducted to measure airflow through the insect netting, and downwind of 

the insect netting. A layer of insect netting was placed in between two sections of an opaque, black PVC 

pipe with a diameter of 78mm. The net was held taut between the two sections by taping the edges to 

the body of the pipe to prevent deflection due to the airflow. The sections of the pipe were further sealed 

using duct tape, to prevent any air leakage from the pipe. Two holes were drilled into the pipe, at 1cm, on 

either side of the net and sealed with hose-barb adapters. Tubing attached to the adapters were 

connected to a pressure transducer.  A pitot-tube connected to a pressure transducer was placed in the 

direction of the airflow downwind of the insect netting at different points (vertically) within the pipe. An 

air blower was used to blow in air into the pipe. The blower was moved back three different distances 

from the inlet of the pipe to obtain different air flow rates. For each air flow rate, the Pitot tube measured 

at three different locations within the diameter of the pipe. A schematic of the experimental set-up is 

shown in Figure 3-11. Description of the equipment used in the experimental set-up is shown in Table 3-

2.  
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Figure 3-11: Schematic of the experimental set-up. Diagram is not drawn to scale.  
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Table 3-2: Table describing the different components of Figure 3-1.  

Metal clamps were used to align the blower, the two sections of the pipe, and the Pitot tube. 

Additional clamps were used on the pipe to prevent any movement while the measurements were being 

recorded. A hand held thermometer was used to measure the temperature of the air from the blower. At 

all times, it was ensured that Pitot tube was in-line with the direction of the air flow.  

The two differential pressure transducers were wired to two different channels of the CR1000 

data logger. The data logger was programmed to measure and record the potential difference (voltage) 

COMPONENT DESCRIPTION DESCRIPTION OF EQUIPMENT  

A1 Black opaque PVC pipe of diameter 78mm, section 1  
A2 Black opaque PVC pipe of diameter 78mm, section 2  

B Nylon insect net; two different pore sizes used 

Porosity: 40% 
Thread count: 40 x 30 threads 
per inch 
Thread diameter: 0.0106 
inches 
Screen aperture: 0.018inches  

C 
Blower blowing air into the pipe at a constant air 
flow rate 

Black and Decker 20V Max 
Smartech Sweeper  

D 
Pressure Transducer connected across the insect net 
to measure the pressure drop  

Setra Model 264, ±1.0 inch 
water 
Very low differential pressure 
transducer 

E 
Pitot tube connected to a second pressure 
transducer, downwind of the insect net 

Dwyer 160 Series Stainless 
Steel Pitot Tube 

F 
Pressure Transducer connected to the pitot-tube to 
measure the difference between the static pressure 
and the total pressure  

Setra Model 265,  
0 – 0.25inch water  
Very low differential pressure 
transducer 

G 
Data processing system, CR1000 Data Logger, 
connected to 12V power supply (G) 

Campbell Scientific CR1000 
Rugged data logger 

H 12V power supply, powering the data logger   

I 
Thermometer used to measure the temperature of 
the air from the blower 

 

X1, X2, X3 
Different locations at which the blower (C) will be 
placed 

 

PA – PC 
Different locations at which the pitot tube (E) will be 
placed 
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measured by the transducer connected to the Pitot tube, and the transducer measuring the pressure drop 

across the net. Table 3-3 outlines the measurement plan for this experiment.  

Table 3-3: Measurement plan for the experiment.  

Position of blower from pipe entrance 

(m) 

Pitot tube position 

downstream (m) 

0.43m from the cross section, at 

the centre of the pipe 

Pitot tube position across pipe 

diameter (m) 

0.02m on either side of Pa 

X1 

0.15m from entrance of the pipe  

Pa  Pb, Pc 
X2 

0.30m from entrance of the pipe 

X3 

0.45m from entrance of the pipe 

   

The blower was located at three different positions (X1, X2, and X3) from the entrance of the pipe. 

For each of these blower positions, the Pitot tube was placed at three different positions vertically along 

the diameter of the pipe. In total, there were 9 different potential difference measurements recorded 

with the net inside the cross-section. The measurement period for each of the measurements was set for 

2 minutes of continuous measurement. All the measurements were recorded from the data logger to a 

laptop through the LoggerNet software as .dat files. The datalogger was programmed to record data for 

every second of measurement.  

3.3.2 Results  

The 2-minute averages of the data collected for blower and pitot-tube position is shown in Table 3-4. The 

voltage drop was direct measured by the pressure transducers and then converted to corresponding 

pressure drops using the following calibration equations:  

𝑆𝑒𝑡𝑟𝑎 264, 𝑎𝑐𝑟𝑜𝑠𝑠 𝑛𝑒𝑡: ∆𝑃 = 101.5𝑉 − 257.1   (3-4) 

                      𝑆𝑒𝑡𝑟𝑎 265, 𝑝𝑖𝑡𝑜𝑡 − 𝑡𝑢𝑏𝑒: ∆𝑃 = 12.458𝑉    (3-5) 
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Where V is the measured voltage drop in Volts.  

The temperature for the air flow was measured by the thermometer to be 21℃, which was the same as 

the room temperature. The corresponding air density and viscosity are 1.18kg/m3 and 1.840× 10−5kg/ms 

(Cengel & Boles, 2011). The velocity measured by the pitot-tube was calculated using the following 

equation (White, 2011):  

𝑉 = [
2(𝑃𝑜−𝑃𝑠)

𝜌
]

1

2
      (3-6) 

Where V is the air velocity (in m/s) downstream of the cross-section, 𝜌 is the air density at 21℃, and Po – 

Ps is the pressure drop measured by the Pitot tube. By rearranging Equation 1, the pressure loss coefficient 

was calculated as:  

𝐾 =
2∆𝑃

𝜌𝑢2      (3-7) 

 

Table 3-4: Summary of results from the data collected using the CR1000 datalogger.  

Pitot-tube position  

Setra 264 ± 1.0inch WC Setra 265 0 - 0.25inch WC   

Voltage 
drop (mV)  

Pressure 
drop (Pa)  

Voltage 
drop (mV)  

Pressure 
drop (Pa)  

Velocity 
(m/s) 

K  

Blower at 
0.15m from 
entrance to 

pipe 

Centre  3197.3 67.4 2638.6 32.9 7.4 

2.585 High 3137.9 61.4 1747.7 21.8 6.0 

Low  3142.9 61.9 1738.5 21.7 6.0 

Blower at 
0.30m from 
entrance to 

pipe 

Centre  2860.5 33.2 896.0 11.2 4.3 

3.174 High 2882.0 35.4 836.0 10.4 4.2 

Low  2853.6 32.5 838.8 10.4 4.2 

Blower at 
0.45m from 
entrance to 

pipe 

Centre  2743.8 21.4 450.4 5.6 3.1 

4.089 High 2731.7 20.2 385.8 4.8 2.8 

Low  2734.7 20.5 391.0 4.9 2.8 
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Using equation 3-3, the calculated screen Reynolds Numbers are shown in Table 3-5. As the airflow 

decreases as the blower is moved further away from the entrance of the pipe, the pressure loss coefficient 

increases, causing a corresponding decrease in the screen Reynolds Numbers, as shown in Table 3-5. The 

associated errors are also shown in Table 3-5 and Figure 3-12.  

Table 3-5: Calculated pressure drop coefficient K, screen Reynolds Number, and associated errors.  

Pitot-tube position  K  
Screen Reynolds 

Number  
Percentage error 

in K  

Percentage error in 
Screen Reynolds 

Number 

Blower at 0.15m 
from entrance to 

pipe 
2.585 475 2.09 4.12 

Blower at 0.30m 
from entrance to 

pipe 
3.174 309 2.09 4.12 

Blower at 0.45m 
from entrance to 

pipe 
4.089 213 2.09 4.12 

 

 

Figure 3-12: Calculated pressure loss coefficient (K) versus screen Reynolds Number.  
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3.3.3 Comparisons with Literature  

Bommisetty, Joshi, & Kollati, (2013), De Vahl Davis, (1957), Miguel, (1998), and Teitel & Shkylar, 

(1998) all show that for laminar flow through the screen, as the screen Reynolds Number increases, the 

pressure drop across the screen also increases, while the pressure loss coefficient decreases. Bommisetty, 

Joshi, & Kollati, (2013) showed a  CFD analyses for screen Re < 1000, with  measured pressure drop ranging 

from 10 – 50kPa, with airflow rates less than Mach 0.4, which is much higher than the airflow rates used 

for this experiment. The measured pressure drop and superficial velocities from this experiment are the 

most consistent with the results from Lopez, Molina-Aiz, Valera, & Pena, (2016), who used screens with 

similar porosity and screen openings. Calculated pressure-drop coefficient through the screen for Lopez, 

Molina-Aiz, Valera, & Pena, (2016) for superficial velocities under 10m/s range from 2 – 4 (ref. Fig 3a and 

3b in the paper), which is similar to the pressure drop coefficients calculated using the data collected from 

this experiment. Both papers however show a non-linear relationships between the pressure drop and 

the superficial velocity.  Teitel & Shkylar, (1998) show that as screen Reynolds number increases, the 

pressure loss coefficient decreases, with values dropping below 6 for screen Re > 40, depicting an 

asymptotic behaviour (ref. Fig. 3 in the paper). Extrapolating the curve for screen Reynolds Numbers 

between 200 – 500 appears to place the pressure loss coefficients in a similar range as to what is obtained 

in this experiment. De Vahl Davis, (1957) also shows that for a porosity of 40.5%, pressure loss coefficients 

of K < 3 for screen Re > 200, which is lower than the calculated pressure loss coefficients for this 

experiment, but in the same order of magnitude. All the papers showed an indirect linear or quadratic 

relationship between the screen Reynold’s number and the pressure loss coefficient. For the three 

different measurements in this experiment, a quadratic relationship (i.e. with two different coefficients) 

appear to be a better fit.  
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3.3.4 Summary of Ventilation Experiment    

In conclusion, given the similarities in results with studies previously conducted in literature, for a mesh 

with an optical porosity of 40%, thread diameter of 0.0106 inches, and screen aperture of 0.018inches, 

the recommended pressure loss coefficients can range from approximately 2.5 – 4.1 as the screen 

Reynolds Number decreases from approximately 500 – 200.  
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4 Lumped Capacitance Energy Modelling  

4.1 Lumped Capacitance Energy Model  

The objective of this project was to investigate and model the relationship between the different 

energy processes occurring within a high tunnel, at any given time. Heat transfer and storage within a 

high tunnel, and the resulting air and soil temperatures, are a function of: 

 Energy gained from incoming solar radiation 

 Total amount of energy absorbed by internal surfaces 

 Loss of energy to the surroundings  

 Thermal capacity of soil 

One goal of this project was to develop and evaluate a thermal model of a high tunnel that would 

allow transient simulation of the high tunnel microclimate, driven by external, time-varying weather. A 

one-dimensional 10-layer parametric energy model (glazing, inside air, ground surface, and 6 soil layers) 

was created with radiation, convection, and conduction being the dominant energy transfer processes in 

and out of the high tunnels (Figure 4-1). Multiple soil layers were used to allow variation of soil 

temperature with depth at any given time to achieve realistic soil conditions. Figure 4-1 also includes 

definitions of variables for material, thermal and optical properties of each layer, and the values used for 

constants for these variables.  

The purpose of the model is to predict the temperature of each of the ten layers as a function of the 

high-resolution (one minute) data for incoming solar radiation, ambient outside air temperature, and 

ambient wind as the input parameters. The model was specifically set up to allow predictions of variables 

at high resolution in the time domain. It was then validated by comparing model predictions of air and 

soil temperatures to the measurements taken in the GCUOF high tunnels during periods when the sides 
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were kept closed. It was also assumed that the door of the high tunnel was closed for the duration of the 

time periods being simulated. Effects on the interior microclimate due to evapotranspiration by crop, 

relative humidity, latent heat transfer, and sensible heat transfer were not considered in this model. The 

glazing was assumed to have no holes or tears which might affect the microclimate inside these tunnels, 

and each layer is horizontally homogenous. Additional details are included below. 

 

Figure 4-1: One-dimensional lumped capacitance model showing the different layers, properties of each layer, and 
the energy exchange processes.  

4.2 Lumped Capacitance Energy Model Parameters and Equations  

Eight parameters were identified as being expected to have a significant impact on the predicted air 

and soil temperatures: the temperature of the radiant sky (Trs), transmissivity of the glazing (τ1), infra-red 

emissivity of the glazing (ε1), thermal conductivity of the soil (k3), specific heat capacity of the soil (c3), air 

exchange rate (ACH), and convection heat transfer coefficients for energy transfer between the soil to 

inside high tunnel air (hc(3)), between the glazing and inside high tunnel air(hc(2)), and between the glazing 

and ambient outside air (hc(1)).  
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The experimental measurements showed that significant energy losses can occur at night from 

greenhouses due to radiation exchange between the greenhouse and the night sky. On clear nights, the 

radiant sky temperature (the effective temperature of the sky for radiative heat transfer purposes) is often 

lower than ambient air temperature, and under the right conditions the resulting radiative heat transfer 

from the greenhouse to the sky can reduce the interior greenhouse temperature to one to two degrees 

below the outside air temperature (Castilla, 2013).  The equation for the temperature of the radiant sky 

(Trs) used in the model was the modified Swinbank equation reported by Wang & Boulard, (2000), where 

all temperatures are in degrees Celsius (˚C), and the cloud-covered fraction of the sky 𝑆 is a value between 

0 and 1, with 𝑇𝑎𝑚𝑏 being the ambient temperature recorded in the field:  

 𝑇𝑟𝑠 =  𝑆𝑇𝑎𝑚𝑏 + 0.0552(1 −  𝑆)𝑇𝑎𝑚𝑏
1.5  (4-1) 

 

A range of convection heat transfer coefficients relationships were available to model the convective 

energy transfer between the high tunnels and its surroundings. For modelling heat transfer between the 

glazing and the outdoor air, Garzoli & Blackwell, (1981) empirically derived a heat transfer coefficient 

ℎ𝑐(1) (W/m2∙K) as a function of the ambient wind-speed 𝑢 (m/s):  

 ℎ𝑐(1) = 7.2 + 3.84𝑢 (4-2) 

Alternatively, Papadakis et al., (1992) applied a numerical method to their collected data for a small 

polyethylene covered greenhouse to derive a heat transfer coefficient ℎ𝑐(1) (W/m2∙K) as a function of 

the ambient wind-speed 𝑢 (m/s):  

 
ℎ𝑐(1) = 0.95 + 6.76𝑢0.49 

(𝑢 ≤ 6.3𝑚𝑠−1) 
 

(4-3) 
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Kanthak (1970) empirically derived a heat transfer coefficient,  ℎ𝑐(1) (W/m2∙K) for a 20m by 10m well 

heated greenhouse with an unknown cladding material as a function of the ambient wind-speed 𝑢 (m/s):  

 ℎ𝑐(1) = 3.49𝑢 
 

(4-4) 

For modelling convection heat transfer between the inside surface of the glazing to the indoor air, 

Papadikas, Frangoudakis, & Kyritsis, (1992) derived a heat transfer coefficient,  ℎ𝑐(2) (W/m2∙K) as a 

function of the glazing temperature 𝑇1 and inside air temperature 𝑇2, where both temperatures are 

required to be in Kelvin (K): 

 
ℎ𝑐(2) = 2.21(𝑇2 −  𝑇1)0.33 
(0.3 <  𝑇2 −  𝑇1  ≤ 13.8℃) 

 
(4-5) 

For screened greenhouses, Stoffers, (1985) empirically derived a heat transfer coefficient,  ℎ𝑐(2) 

(W/m2∙K) as a function of the temperature difference between the greenhouse cover and the inside air 

temperatures (K):  

 ℎ𝑐(2) = 3.3(∆𝑇)0.33 (4-6) 
 

Kittas, (1986) empirically derived an equation for tunnel-type greenhouses with a heat transfer 

coefficient,  ℎ𝑐(2) (W/m2∙K) as a function of the glazing temperature 𝑇1 and inside air temperature 𝑇2, 

where both temperatures are required to be in Kelvin (K):  

 
ℎ𝑐(2) = 4.3(𝑇2 −  𝑇1)0.25 

(𝑇2 >  𝑇1) 
 

(4-7) 

For modelling the convection heat coefficient from the soil surface to the inside air, Silva, (1988) 

empirically derived an equation for bare soil, with a convection heat transfer coefficient ℎ𝑐(3) (W/m2∙K) 

as a function of the difference between inside air temperature and soil surface temperature, where both 

temperatures are required to be in Kelvin (K):  
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ℎ𝑐(3) = 10(∆𝑇)0.33 

 
(4-8) 

Lamrani, Boulard, Roy, & Jaffrin, (2001) empirically derived an equation for a confined greenhouse with a 

heated floor surface, with a convection heat transfer coefficient ℎ𝑐(3) (W/m2∙K) as a function of the 

difference between inside air temperature and greenhouse ground temperature, where both 

temperatures are required to be in Kelvin (K):  

 
ℎ𝑐(3) = 5.2(∆𝑇)0.33 

 
(4-9) 

Stoffers, 1985) derived a convection heat transfer coefficient ℎ𝑐(3) (W/m2∙K) as a function of the 

difference between inside air temperature and greenhouse ground temperature, where both 

temperatures are required to be in Kelvin (K):  

 
ℎ𝑐(3) = 3.4(∆𝑇)0.33 

 
(4-10) 

The set of equations used to derive the rate of heat transfer between the different layers of the 

greenhouse (Figure 4-1) and the sky is discussed in Table 4-1. The inputs provided to the model were the 

Incoming Solar Irradiance (G) in Watts per square metre (W/m2), the Ambient Temperature (Tamb) in 

degrees Celsius (℃), and the wind-speed (u) in metres per second (m/s). The temperature was converted 

to Kelvin (K) in the model as required by the equations. Radiation calculations were performed using the 

Stephen-Boltzmann constant, 𝜎 = 5.67 × 10−8  W/m2K4. Initial experience showed that the glazing 

layer needed to be included. The glazing has convection and radiation heat transfer processes occurring 

on both inside and outside surfaces. Income solar irradiance and reflected radiation from the soil surface 

is absorbed, transmitted, and reflected by the glazing.     
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Table 4-1: Heat transfer equations used in the lumped capacitance model.  

Description of Heat Transfer Equations Equation  

Solar irradiance absorbed by glazing, 𝑄𝑟𝑎𝑑(1) 𝑄𝑟𝑎𝑑(1) = 𝐺 ×  a1 (4-11) 

Transmitted solar irradiance absorbed by soil, 𝑄𝑟𝑎𝑑(3) 𝑄𝑟𝑎𝑑(3) = 𝐺 ×  τ1 × (1 −  𝑎3) (4-12) 

Solar radiation reflected from soil absorbed by glazing, 
𝑄𝑟𝑒𝑓  

𝑄𝑟𝑒𝑓 = 𝐺 × τ1 ×  𝑎3 ×  a1 (4-13) 

Convection from soil to inside air, 𝑄𝑐𝑜𝑛𝑣(3) 𝑄𝑐𝑜𝑛𝑣(3) = ℎ𝑐(3)(𝑇3 − 𝑇2) (4-14) 

Convection from inside air to glazing, 𝑄𝑐𝑜𝑛𝑣(2) 𝑄𝑐𝑜𝑛𝑣(2) = ℎ𝑐(2)(𝑇2 − 𝑇1) (4-15) 

Convection from glazing to outdoor air, 𝑄𝑐𝑜𝑛𝑣(1) 𝑄𝑐𝑜𝑛𝑣(1) = ℎ𝑐(1)(𝑇1 − 𝑇𝑎𝑚𝑏) (4-16) 

Infra-red radiation from glazing to outdoor air, 𝑄𝐼𝑅(1) 𝑄𝐼𝑅(1) =  𝜎𝜀1(𝑇1)4 −  𝜀𝑠𝑘𝑦(𝑇𝑟𝑠)4) (4-17) 

Infra-red radiation from ground absorbed by glazing, 
𝑄𝐼𝑅(3) 

𝑄𝐼𝑅(3) =  𝜎((1 −  𝜏1𝐼𝑅)(𝜀3(𝑇3)4

−  𝜀1(𝑇1)4) 
(4-18) 

Conduction heat transfer for each soil layer (n is the 
number of each layer), 𝑄𝑘 

𝑄𝑘 =
𝑘3(𝑇𝑛 − 𝑇𝑛−1)

0.5𝑑𝑥𝑛 + 0.5𝑑𝑥𝑛−1

 (4-19) 

The change in temperature for each layer is expressed using equations. The changes in the temperature 

of the glazing (𝑑𝑇1) is affected by heat capacity, density, thickness of the material and:  

- Solar radiation that is reflected from the soil and absorbed by the glazing, 𝑄𝑟𝑒𝑓 

- Infra-red radiation from ground absorbed by glazing, 𝑄𝐼𝑅(3) 

- Infra-red radiation from glazing to outdoor air, 𝑄𝐼𝑅(1) 

- Convection from inside air to glazing, 𝑄𝑐𝑜𝑛𝑣(2) 

- Convection from glazing to outdoor air, 𝑄𝑐𝑜𝑛𝑣(1) 

 𝑑𝑇1 =
𝑑𝑡 (𝑄𝑟𝑒𝑓 +  𝑄𝐼𝑅(3) +  𝑄𝑐𝑜𝑛𝑣(2) −   𝑄𝑐𝑜𝑛𝑣(1) −   𝑄𝐼𝑅(1))

(𝑐1 × 𝜌1 × 𝑑𝑥1)
   (4-20) 
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The changes in the temperature of the indoor air (𝑑𝑇2) is affected by heat capacity, density, depth of the 

airspace and:  

- Convection from soil to inside air, 𝑄𝑐𝑜𝑛𝑣(3) 

- Convection from inside air to glazing, 𝑄𝑐𝑜𝑛𝑣(2) 

 
𝑑𝑇2 =

𝑑𝑡(𝑄𝑐𝑜𝑛𝑣(3) − 𝑄𝑐𝑜𝑛𝑣(2) )

(𝑐2 × 𝜌2 × 𝑑𝑥2)
   

 
(4-21) 

 

The changes in the temperature of the ground layer (𝑑𝑇3) is affected by heat capacity, density, thickness 

of the layer and:  

- Transmitted solar irradiance absorbed by soil, 𝑄𝑟𝑎𝑑(3) 

- Conduction heat transfer for each soil layer, 𝑄𝑘 

- Convection from soil to inside air, 𝑄𝑐𝑜𝑛𝑣(3) 

- Infra-red radiation from ground absorbed by glazing, 𝑄𝐼𝑅(3) 

 
𝑑𝑇3 =

𝑑𝑡(𝑄𝑟𝑎𝑑(3) + 𝑄𝑘 −  𝑄𝑐𝑜𝑛𝑣(3) −  𝑄𝐼𝑅(3) )

(𝑐3 × 𝜌3 × 𝑑𝑥3)
 

 

(4-22) 

The changes in the temperature of the different soil layers 𝑑𝑇4−10 is affected by heat capacity, density, 

thickness of the layer and:  

 
𝑑𝑇𝑖 =

𝑑𝑡(𝑄𝑘(𝑖+1) − 𝑄𝑘(𝑖))

(𝑐𝑖 × 𝜌𝑖 × 𝑑𝑥𝑖)
 

 

(4-23) 

The simulation is marched forward in time. At each time step, the values of dT computed with Eqns. 4-20 

to 4-23 are added to the temperature for the corresponding layer at the current time step to calculate the 

temperature at the next time step. The entire calculation process is then repeated for the next time 

period, applying the external weather variables for that time step and the newly calculated temperatures.  
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4.3 Simulation Data Sets  

The specific high tunnel considered has one layer of glazing stretched over the steel frame. There is 

no insect screening, and the sides are closed. It is assumed that the door of the high tunnel was closed for 

the duration of the data collection. Three segments of data recorded minute-by-minute during the 2015 

and 2016 growing seasons were used in the sensitivity study. For the 2015 growing season, a 91-hour 

segment of data from May 28 – June 1, 2015, referred to as ‘2015_1’ was used. For the 2016 growing 

season, two segments of data were used in the simulations: a 54-hour segment from September 27 – 

September 29, 2016, and a 65-hour segment from September 30 – October 3, 2016, referred to as 

‘2016_1’ and ‘2016_2’ respectively. An initial temperature for each of the 10 layers was provided in the 

model.  

No precipitation was recorded during the time period of data segment ‘2015_1’. 6.5 mm and 9.2 mm 

of precipitation respectively were recorded within data segments ‘2016_1’ and ‘2016_2’. The measured 

solar radiation, wind-speed, ambient temperature, inside air temperature, 2-inch and 6-inch soil 

temperatures are shown for all three data segments in Figures 4-2 – 4-4. 
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Figure 4-2: Measured inside air temperature, 2-inch and 6-inch soil temperatures, ambient air temperature, wind-
speed, and incoming solar radiation during May 28 – June 1, 2015 in the unscreened high tunnel with all sides 
closed.  

 

 



69 

 

 

 

 

Figure 4-3: Measured inside air temperature, 2-inch and 6-inch soil temperatures, ambient air temperature, wind-
speed, and incoming solar radiation during September 27 – 29, 2016 in the unscreened high tunnel with all sides 
closed.  
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Figure 4-4: Measured inside air temperature, 2-inch and 6-inch soil temperatures, ambient air temperature, wind-
speed, and incoming solar radiation during September 30 – October 3, 2016 in the unscreened high tunnel with all 
sides closed.  
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4.4 Simulation Results    

The equations from Section 4.3 was implemented in a one-dimensional ten-layer MATLAB model 

which was forward differenced in time with a 40-second time step to reduce drift due to any non-

linearities. Longer time periods caused instabilities during the simulations, often providing inaccurate 

results, or causing automatic termination of the simulations. The initial air temperature was set equal to 

the measured air temperature at the start of the simulation, and initial temperatures for the 10 soil layers 

were determined by interpolating the measured soil temperatures at 5 cm and 15 cm at the simulation 

start time. The baseline combinations of modelling parameters chosen are listed in Table 4-2. These were 

selected based on a combination of favorable reports in prior literature. Soil density, heat capacity and 

conductivity were directly measured in the laboratory, and observed glazing transmissivity was based on 

a combination of prior literature values and differences in radiation measured inside and outside the high 

tunnels. 

Table 4-2: Baseline parameters chosen for the initial lumped capacitance model.  

Parameter Name Chosen Values 
Cloud-covered fraction of the sky, 𝑆 0.5; partially cloudy skies 

Transmissivity of glazing, τ1 
60% 

(Absorptivity = 20%, reflectivity = 20%) 

Emissivity of glazing, 𝜀1 
 

 
0.7 

 

Thermal conductivity of soil, k 0.71 W/m∙K 

Specific heat capacity of soil, C 1200 J/kg∙K 

Convection from soil to inside air, 𝑄𝑐𝑜𝑛𝑣(3) 
ℎ𝑐(3) = 3.4(∆𝑇)0.33 

Equation 4-10 

Convection from inside air to glazing, 𝑄𝑐𝑜𝑛𝑣(2) 
ℎ𝑐(2) = 2.21(𝑇2 −  𝑇1)0.33 
(0.3 <  𝑇2 −  𝑇1  ≤ 13.8℃) 

Equation 4-5 

Convection from glazing to outdoor air, 𝑄𝑐𝑜𝑛𝑣(1) 
ℎ𝑐(1) = 7.2 + 3.84𝑢 

Equation 4-2 
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Air leakage rates in closed greenhouses range from 0.5 to 5 air changes per hour (USDA, 2014). In 

practice, some component of air exchange will be driven by ambient wind speeds. An air change 

correction was applied at each time step, in which a portion of interior air was replaced with air at outside 

air temperature. The rate of air changes (ACH) per hour was approximated as 1 ACH/h plus measured 

wind speed in m/s. (This relation has not been extensively tested.) 

The accuracy of the simulations (and later the effects on the model caused by changing the 

parameters) were quantified through an analysis of the Mean Absolute Error (MAE), Mean Error (ME), 

and Root-Mean-Squared-Error (RMSE) for predictions of both air and soil temperature:  

   𝑀𝐸 =
∑ O𝑖−P𝑖

n
𝑖=1

 𝑛
 (4-24) 

 
𝑀𝐴𝐸 =

∑ |O𝑖 − P𝑖|n
𝑖=1

 𝑛
 (4-25) 

 
  𝑅𝑀𝑆𝐸 = √

∑ (O𝑖−P𝑖)2n
𝑖=1

 𝑛
 (4-26) 

where n is the number of values, and Oi and Pi are observed and predicted values, respectively. The 

magnitude of these errors were used to further streamline the ranges of possible conditions that can 

predict reasonable temperatures inside the high tunnels.  

The data segments described in Section 4.3 were used since each segment is several days long, to 

observe the ability of the model to reproduce diurnal cycles, while the tunnel sides remain closed 

throughout each test period. The initial air temperature was set equal to the measured air temperature 

at the start of the simulation, and initial temperatures for the 10 soil layers were determined by 

interpolating the measured soil temperatures at 5 cm and 15 cm at the simulation start time. 
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Figure 4-5 – 4-7 show the predicted air and 5 cm (2 inch) soil temperatures for each of the three data 

segments. The time lagged responses are apparent and notable in all three test cases. While both air and 

soil temperatures often show a similar response (i.e. rising or falling at appropriate times) to the observed 

data, the magnitude of the values is often very different. It specifically appears that the amount of heat 

flow into or out of the air or soil layer often remains incorrect. There are several possible explanations for 

the inconsistency between the predictions and the measured data. The model does not include thermal 

energy exchanges associated with the vaporization or condensation of water, which occurs within high 

tunnels. Prior researchers have shown that it is necessary to include these effects in the energy budget 

(Mashonjowa et al., 2013). During sunny periods, plants transpire and moisture within the soil surface 

layer is evaporated. The addition of irrigation water would also be reasonably expected to impact soil and 

high tunnel interior temperatures. (Irrigation records were not available for this study.) The varying 

presence and configuration of a plant canopy over a growing season was also not included: plants shade 

the soil and absorb or give off heat, in a series of complex and difficult-to-model (or measure) processes. 
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Figure 4-5: Measured and predicted air and 2-inch soil temperatures, measured ambient air temperature, and 
predicted glazing temperature for the unscreened tunnels with sides closed during May 28 – June 1, 2015. 
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Figure 4-6: Measured and predicted air and 2-inch soil temperatures, measured ambient air temperature, and 
predicted glazing temperature for the unscreened tunnels with sides closed during September 27 - 29, 2016. 
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Figure 4-7: Measured and predicted air and 2-inch soil temperatures, measured ambient air temperature, and 
predicted glazing temperature for the unscreened tunnels with sides closed during September 30 – October 3, 
2016. 

Table 4-3: MAE, ME, and RMSE for the predicted air and 2-inch soil temperatures.   

  Air Temperature °C Soil Temperature °C 
Case MAE ME RMSE MAE ME RMSE 
2015 5.2 5.1 6.1 4.4 3.3 6.0 
2016_1 5.7 5.7 7.8 6.5 6.5 8.4 
2016_2 1.4 -0.4 1.7 2.1 -0.7 2.5 

It should be noted that although the baseline parameters produced the lowest errors for the 2016_2 

dataset, there is a significant difference in the magnitude of error from the 2016_1 data set, in spite of 

the two data being only one day apart.  
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4.5 Sensitivity Studies  

The results in the prior section were not consistent with the level of accuracy of prior lumped 

capacitance models in the literature, where most modeling exercises showed close agreement between 

model predictions and measured conditions (Mashonjowa et al., 2013;  Sethi, 2018;  Jian-kun et al., 2016). 

The coding of the model as described in the prior section was extensively reviewed, checked and verified 

free of errors. It was noted that there are many variables and non-linear relationships in this problem. 

Most of the prior studies either did not explain the source of all simulation properties (it is common for 

papers simply to state values of material properties or equations that were used, without supporting 

explanation), or only compared predictions to small sets of measured data. It was postulated that perhaps 

it is possible for a lumped capacitance model to produce results consistent with measured data, but that 

small changes in assumed properties (within the range of possible true values) could significantly change 

the resulting predictions. 

To test this theory, a sensitivity study was conducted that involved varying several variables that are 

critical but difficult to accurately quantify, including the cloud-covered fraction of the sky, transmissivity 

and emissivity of the glazing, and thermal conductivity (with corresponding density and heat capacity) of 

the soil. The simulation was run with a range of values of one of these variables, while holding all other 

parameters constant at the baseline values used above. The ranges of the varied parameters are shown 

in Table 4-4 and were applied to simulations of each of the three data segments. The resulting associated 

errors are shown in Figures 4-8 – 4-11.  
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Table 4-4: Variation of parameters applied to the baseline conditions of the lumped capacitance model.  

Parameter Name Tested Values 
Cloud-covered fraction of the sky, 𝐹𝑐𝑛 0, 0.25, 0.5, 0.75, 1  

Transmissivity of glazing, τ1 0%, 25%, 50%, 75%, 100% 

Emissivity of glazing, 𝜀1 0, 0.25, 0.5, 0.75, 1 

Thermal conductivity of soil, k 0.099, 0.504, 0.587, 0.712, 0.934 W/m∙K 

Figure 4-8 shows the ranges of errors for the amount of cloud cover in the sky. The baseline model 

used a fraction of 0.5 for the chosen time periods. Lowest errors occur for the 2015 and the 2016_1 data 

segments for a cloud cover of 25%, while the 2016_2 data segment has the lowest errors for the 50% 

baseline condition. Overall, the errors are the lowest for the 2016_2 data segment with considerably 

higher which suggests that the baseline parameters with varying cloud-cover is not the most 

representative model for the high tunnels.  

 

Figure 4-8: Errors associated with each of the three data segments by varying the cloud-cover fraction of the sky 
(Fcn). “T2” is the inside air temperature, “T6” is soil temperature. 
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Figure 4-9 shows the ranges of errors for the transmissivity of the glazing. The absorptivity and 

reflectivity of the glazing are assumed to be equal to each other. The baseline model used 60% 

transmissivity for the chosen time periods. Lowest errors occur for the 2015 and the 2016_1 data 

segments for a transmissivity of 25%, while the 2016_2 data segment has the lowest errors for 50%. 

Overall, the errors are the lowest for the 2016_2 data segment which suggests that the parameters chosen 

are only representative of the 2016_2 data set, and not the other two. A transmissivity of 25% is not 

considered to be an entirely accurate representation, even though Mourad & Dehbi, (2014) has suggested 

that unaged glazing transmissivity can range from 15% to 67%. Mourad & Dehbi, (2014), Geoola, Kashti, 

Levi, & Brickman, (2004), and Al-Helal & Alhamdan, (2009) all state typical glazing ranges to be between 

50 – 80%.  

 

Figure 4-9: Errors associated with each of the three data segments by varying the transmissivity of the glazing.  
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Figure 4-10 shows the ranges of errors for the infra-red emissivity of the glazing. The baseline model 

used 70% emissivity for the chosen time periods. Lowest errors occur for the 75% emissivity for all three 

data segments. The soil temperatures were not impacted by changes in emissivity as much as the air 

temperatures. Emissivity lower than 50% yielded air temperatures over 80˚C, which are unrealistic. The 

optimal emissivity range appears to be between 0.75 and 1.  Baxevanou, Fidaros, Bartzanas, & Kittas, 

(2017) reports a manufacturer’s value of infra-red emissivity of 70%, which is in range with the testing 

parameters.  

Figure 4-11 shows the ranges of errors for the soil thermal conductivity and the corresponding heat 

capacity and densities. The baseline model used 0.71 W/m∙K with a density of 1650 kg/m3 and a heat 

capacity of 1200 J/kg∙K for the chosen time periods. Lowest errors occurred for the range of 0.71 – 0.93 

W/m∙K for all of the chosen data sets which correspond to damp and well-watered soil, as required for 

good plant health. The lower the thermal conductivity, the lower is the moisture content of the soil.  

The data segment collected between September 30 – October 3, 2016 has the lowest errors 

amongst all three of the data sets which can lead to the conclusion that the baseline parameters most 

reasonably represent the conditions of the tunnel during that data collection time, as compared to the 

other two data segments.  
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Figure 4-10: Errors associated with each of the three data segments by varying the infra-red emissivity of the 
glazing. 

 

Figure 4-11: Errors associated with each of the three data segments by varying the soil thermal conductivity. 
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While containing dozens of constants and variables, the model is still very simple and does not yet 

include combinations of parameters that would be representative of all three data segments, instead of 

only one segment. In addition, there are numerous non-linear relationships (e.g. radiative heat transfer) 

within the model, and the coupling between many variables is complex. Under these circumstances, it is 

difficult to estimate a priori whether an inaccuracy in a particular parameter (such as a material property) 

would have a negligible, or a very large impact on the simulation results especially since most of the 

parameters in a greenhouse climate model are estimated, averages or both. The overall level of prediction 

that can be practically achieved by equation-based lumped-capacitance models is uncertain as no 

conclusive discussion of this important topic was found in the literature.  

4.6  Multivariable Sensitivity Study  

Since the thermal conductivity, heat capacity, and the density of the soil changes with changing 

water content, it also changes the convective heat transfer between the soil and air. To investigate 

whether combinations of parameters would generate consistently low or high errors, a larger sensitivity 

study was completed. The parameters in Table 4-5 were selected due to either the relative lack of 

information in the literature, such as a lack of agreement on appropriate values or discussion of details, 

or because they would be expected to be particularly important for the response of the model over time. 

For each parameter, three values were identified: a lowest-reasonable, typical or middle, and a highest-

reasonable. The model was run repeatedly using every combination of parameters: eight parameters with 

three values for each results in 38 = 6561 model unique runs.  
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Table 4-5: Parameters chosen for a larger sensitivity study involving the lumped capacitance model.  

Variable Parameters Values Chosen References/Notes 

Cloud-covered fraction of the 
sky, 𝑆 

0; clear skies  
0.5; partially cloudy skies 
1; cloudy skies  
 

Values were chosen to 
represent a range of cloud 
cover conditions.   

Transmissivity of glazing, τ1 
 
 

 

50%  
(Absorptivity = 25%, reflectivity = 
25%) 
60% 
(Absorptivity = 20%, reflectivity = 
20%) 
70%  
(Absorptivity = 15%, reflectivity = 
15%)                    

Mourad & Dehbi, (2014) 
Assumed absorptivity is the 
same as the reflectivity.  
 

Emissivity of glazing, 𝜀1 
 

0.4 
0.55 
0.7 

Baxevanou, Fidaros, Bartzanas, 
& Kittas, (2017) provides 
manufacturer’s data.  

Thermal conductivity of soil, k  
 

0.59 W/m∙K  
0.71 W/m∙K  
0.94 W/m∙K 

Values measured in lab with 
KD2-Pro sensor  
 

Specific heat capacity of soil, c  
 
 

1050 J/kg∙K 
1200 J/kg∙K 
1350 J/kg∙K 

 

Convection heat transfer 
coefficient between glazing to 
outdoor air, ℎ𝑐(1) 

ℎ𝑐(1) = 7.2 + 3.84𝑢       
 

ℎ𝑐(1) = 0.95 + 6.76𝑢0.49 
(𝑢 ≤ 6.3𝑚𝑠−1) 

ℎ𝑐(1) = 3.49𝑢 
 

Equation 4-2 
Garzoli & Blackwell, (1981) 
Equation 4-3 
Papadikas, Frangoudakis, & 
Kyritsis, (1992) 
Equation 4-4 
Kanthak (1970) 

Convection from inside air to 
glazing, ℎ𝑐(2) 

ℎ𝑐(2) = 2.21(𝑇2 −  𝑇1)0.33 
(0.3 <  𝑇2 −  𝑇1  ≤ 13.8℃) 

 
ℎ𝑐(2) = 3.3(∆𝑇)0.33 

 

ℎ𝑐(2) = 4.3(𝑇2 −  𝑇1)0.25 
(𝑇2 >  𝑇1) 

Equation 4-5 
Papadikas, Frangoudakis, & 
Kyritsis, (1992) 
Equation 4-6 
Stoffers (1985) 
Equation 4-7 
Kittas, (1986) 

Convection from soil to inside 
air, ℎ𝑐(3) 

ℎ𝑐(3) = 10(∆𝑇)0.33 
 

ℎ𝑐(3) = 5.2(∆𝑇)0.33 
 
 

ℎ𝑐(3) = 3.4(∆𝑇)0.33 

Equation 4-8 
Silva (1988) 
Equation 4-9 
Lamrani, Boulard, Roy, & 
Jaffrin, (2001) 
Equation 4-10 
Stoffers (1985) 
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The results from the simulation were placed into four different categories based on the magnitude of 

the mean error (ME), mean absolute error (MAE), and the root-mean-squared-error (RMSE) for best air 

and soil simulations and worst air and soil simulations. The best simulations for both air and soil are the 

ones that give the lowest errors, and the worst simulation for air and soil are the ones that give the highest 

errors.  

The best soil simulations predict the two-inch soil depth temperatures between: 

-  15˚C and 33˚C as compared to the measured range of 20˚C - 27˚C for the 2015 data segment 

- 17˚C and 36˚C as compared to the measured range of 15˚C - 20˚C for the September 27 – 29, 2016 

data segment 

- 13˚C and 27˚C as compared to the measured range of 17˚C - 22˚C for the September 30 – October 

3, 2016 data segment 

The best air simulations predict the greenhouse air temperatures between: 

- 5˚C and 40˚C as compared to the measured range of 4˚C - 35˚C for the 2015 data segment 

- 14˚C and 36˚C as compared to the measured range of 7˚C - 25˚C for the September 27 – 29, 2016 

data segment 

- 13˚C and 30˚C as compared to the measured range of 12˚C - 36˚C for the September 30 – October 

3, 2016 data segment 

The glazing temperatures were not measured during both 2015 and 2016 growing seasons, but were 

predicted by the model to be between 10˚C and 50˚C for all measurements with the lowest error.  

The worst air and soil simulations consistently over-predicted: 

- Temperatures for the glazing between 50˚C and 85˚C for both growing seasons  

- Temperatures for the inside greenhouse air between 35˚C and 85˚C for both growing seasons  



85 

 

 

 

- Temperatures for the two-inch soil layer between 27˚C and 55˚C for both growing seasons  

The error summary from all the simulations for all three data sets are shown in Tables 4-6 to 4-8. The 

best air and soil simulations were chosen based on the runs that yielded combinations of the lowest ME, 

MAE, and RMSE. The worst air and soil simulations were chosen based on the runs that yielded the highest 

combinations of the ME, MAE, and RMSE. The convection heat transfer coefficients between the glazing 

to the ambient air (hc (1)), glazing to inside air (hc (2)), and the soil surface to inside air (hc (3)) are referred 

by their equation numbers. The best air and soil simulations have different parameter choices, however, 

the worst air and soil simulations are very consistent for both growing seasons and include a combination 

of cloudy skies with high glazing transmissivity, low infra-red emissivity, and low soil thermal conductivity 

and heat capacity. The worst air and soil simulations have a combination of a glazing to ambient air 

convection heat transfer coefficient approximately 3.5 times the wind speed (equation 4-4), and the 

highest convection heat transfer coefficient for glazing to ambient air (equation 4-7). The worst air 

simulation has the highest convection heat transfer coefficient between soil to inside air (equation 4-8), 

while the worst soil simulation has the lowest convection heat transfer coefficient between soil to inside 

air (equation 4-10).  

For the best air and soil simulations, the cloud-covered fraction of the sky, air exchange rate, and the 

moisture content of the soil can impact the temperatures and the variable parameters which drive the 

heat transfer processes. The moisture content of the soil will cause the soil thermal conductivity and heat 

capacity to vary. Since the moisture content of the soil during the specific durations was unknown and 

could have varied between the chosen parameters during the day, it can impact the amount of heat 

transfer from the soil to the inside air. The ideal glazing transmissivity for both air and soil simulations is 

predicted to be 50% and is independent of cloud-cover and soil properties. The infra-red emissivity of the 

glazing however varied and did not appear to be dependent on any of the parameters.  
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Table 4-6: MAE, RMSE, and ME associated with the predicted air and 2-inch soil temperatures for the best and 
worst air and soil simulations for the data collected between May 28 – June 1, 2015.  

Data set “2015”: May 28 - June 1, 2015  

 Best simulations 
(air temperature) 

Best simulations 
(soil temperature) 

Worst simulations 
(air temperature) 

Worst simulations 
(soil temperature) 

Simulation 5851 5851 6067 5924 4602 219 6327 1953 

MAE(T2) 3.11 3.11 3.23 5.62 6.46 7.16 24.88 23.30 

RMSE(T2) 4.13 4.13 3.83 6.41 6.98 7.75 25.60 24.04 

ME(T2) 2.41 2.41 2.71 5.47 6.37 7.11 24.88 23.30 
         

MAE(T6) 5.27 5.27 3.38 4.09 3.32 3.40 11.69 13.83 

RMSE(T6) 4.32 4.32 4.19 4.91 4.11 4.08 13.51 15.33 

ME(T6) 0.52 0.52 0.94 0.01 0.89 0.54 11.69 13.83 
         

S 0 0 0 0.5 1 1 1 1 

tau(1) 0.5 0.5 0.5 0.5 0.5 0.5 0.7 0.7 

eIR(1) 0.7 0.7 0.7 0.55 0.55 0.4 0.4 0.4 

k(3) 0.59 0.59 0.94 0.59 0.94 0.94 0.59 0.59 

c(3) 1050 1050 1350 1200 1350 1350 1050 1050 
         

hc(1) 4-2 4-2 4-2 4-2 4-2 4-2 4-4 4-4 

hc(2) 4-7 4-7 4-7 4-7 4-5 4-5 4-7 4-7 

hc(3) 4-10 4-10 4-10 4-10 4-10 4-8 4-10 4-8 
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Table 4-7: MAE, RMSE, and ME associated with the predicted air and 2-inch soil temperatures for the best and worst air and 

soil simulations for the data collected between September 27 - 29, 2016.  

Data set “2016_1”: September 27 - 29, 2016 

  
Best simulations (air 

temperature) 
Best simulations 

(soil temperature) 
Worst simulations 
(air temperature) 

Worst simulations 
(soil temperature) 

Simulation 5851 5905 6067 4375 2404 2404 6327 1953 

MAE(T2) 4.74 4.66 4.68 7.78 7.74 7.74 32.09 

33.23 

32.09 

30.27 

31.66 

30.27 

RMSE(T2) 6.96 6.36 6.15 9.65 9.16 9.16 

ME(T2) 4.57 4.60 4.64 7.77 7.74 7.74 
                 

MAE(T6) 7.71 7.72 7.81 6.16 5.74 5.74 21.74 

23.00 

21.74 

23.41 

24.42 

23.41 

RMSE(T6) 10.05 9.71 9.35 8.69 7.87 7.87 

ME(T6) 7.71 7.72 7.81 5.02 5.58 5.58 
                 

S 0 0 0 0 0 0 1 

0.65 

0.4 

0.59 

1050 

1 

0.7 

0.4 

0.59 

1050 

tau(1) 0.5 0.5 0.5 0.5 0.5 0.5 

eIR(1) 0.7 0.7 0.7 0.4 0.4 0.4 

k(3) 0.59 0.94 0.94 0.59 0.94 0.94 

c(3) 1050 1050 1350 1050 1350 1350 
                 

hc(1) 4-2 4-2 4-2 4-2 4-2 4-2 4-4 4-4 

hc(2) 4-7 4-7 4-7 4-5 4-5 4-5 4-7 4-7 

hc(3) 4-10 4-10 4-10 4-10 4-9 4-9 4-10 4-8 
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Table 4-8: MAE, RMSE, and ME associated with the predicted air and 2-inch soil temperatures for the best and 
worst air and soil simulations for the data collected between September 30 – October 3, 2016.  

Data set “2016_2”: September 30 - October 3, 2016  

  
Best simulations 
(air temperature) 

Best simulations 
(soil temperature) 

Worst simulations 
(air temperature) 

Worst simulations 
(soil temperature) 

Simulation 5017 5852 5852 4488 947 1675 6327 1953 

MAE(T2) 1.86 1.43 1.43 5.77 3.67 2.49 22.77 

23.17 

22.77 

20.20 
20.77 
20.20 

RMSE(T2) 2.25 1.76 1.76 6.06 4.11 3.15 

ME(T2) 0.00 0.07 0.07 5.77 3.65 2.41 
                 

MAE(T6) 2.19 2.01 2.01 2.13 1.39 1.50 10.50 

11.60 

10.50 

13.37 
14.39 
13.37 

RMSE(T6) 2.91 2.56 2.56 2.63 1.94 1.87 

ME(T6) 1.16 0.49 0.49 0.00 0.89 -0.03 
                 

S 0 0.5 0.5 1 0.5 0 1 

0.7 

0.4 

0.59 

1050 

1 
0.7 
0.4 

0.59 
1050 

tau(1) 0.6 0.5 0.5 0.6 0.5 0.5 

eIR(1) 0.7 0.7 0.7 0.4 0.4 0.4 

k(3) 0.94 0.59 0.59 0.71 0.94 0.94 

c(3) 1200 1050 1050 1200 1350 1350 
                 

hc(1) 4-4 4-2 4-2 4-2 4-2 4-2 4-4 4-4 

hc(2) 4-5 4-7 4-7 4-5 4-6 4-7 4-7 4-7 

hc(3) 4-10 4-10 4-10 4-10 4-8 4-8 4-10 4-8 

 

4.6.1 Discussion  

Mashonjowa et al., (2013) adapted the validated Gembloux Dynamic Greenhouse Climate Model to 

their naturally ventilated plastic greenhouse in Zimbabwe and stated mean errors to be in the range of 

1.3˚C – 1.8˚C for 30-minute average data for air temperature for a whole year, whereas the errors (MAE, 

ME, RMSE) ranged from 0˚C – 9.7˚C in the three data segments used in this section, using the high 

resolution one-minute averaged data collected over multiple days at a time.  Furthermore, Mashonjowa 

et al., (2013)  included effects of crop transpiration in their model, which was not incorporated in the 
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model developed for GCUOF. The lack of consensus for the convection heat transfer coefficients between 

the best air and soil simulations could be because plant effects were not included in this model. The energy 

absorbed by a plant depends on its orientation and the surface area exposed to the sun (Gibbs & Patten, 

1970). The energy transfer mechanisms between plants and the surroundings include evaporation, 

condensation, convection, conduction, or sensible heat flow (Gibbs & Patten, 1970). Evaporation and 

transpiration remove the heat energy while the condensation releases heat energy (Gibbs & Patten, 

1970).  The energy exchange occurring at the surface of a leaf is expressed using the following equation 

(Gates, 1962):  

 𝑆𝑤  ± 𝑅 ± 𝐿𝑒  ± 𝐿 ± 𝐶 ±  𝐺𝑐𝑜𝑛𝑑  ± 𝑆𝑡 = 0 (4-27) 

where  𝑆𝑤 is shortwave radiation, 𝑅 is infrared thermal radiation, 𝐿𝑒 is evapotranspiration or 

condensation at the leaf surface, 𝐿 is latent heat, 𝐶𝑜𝑛 is convection, 𝐺𝑐𝑜𝑛𝑑 is conduction of energy in the 

immediate surroundings of the leaf, and 𝑆𝑡 is the storage term for storing or releasing energy over short 

periods of time. Since the temperature differences and the properties of the plants that would affect the 

energy transfer mechanisms were not measured, they were not included as part of the model calculations.  

The plants growing in the high tunnels during the growing seasons had sufficient foliage during all 

three data segments, with the foliage being particularly dense during September and October of 2016, 

which would have cast shadows on different sections of the soil during different times of the day (Figure 

4-12), changing the amount of radiation that would have been absorbed by the soil, which in turn would 

affect all the heat transfer pathways to and from the soil and its surroundings as the layer is no longer 

horizontally homogenous. Furthermore, plants remove moisture from the soil. Lack of plants in the model 

may have caused the simulation to assume that the soil was mostly well watered as opposed to being 

damp which would have caused the soil thermal conductivity and the corresponding heat capacity to be 
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the highest. Evapotranspiration from plants would have resulted in addition of moisture to the inside air 

of the high tunnels, causing more heat to be stored in the air that was removed from the soil, thus 

affecting the convection heat coefficient. Had plants been included, a better consensus between the 

convection heat transfer coefficients could have been achieved.  

 

Figure 4-12: Plant foliage casting shadows on the soil surface in the unscreened tunnel on September 25, 2016.  

After completing the multivariable sensitivity study for the high tunnels at the GCUOF, all the 

parameter choices and combinations were reviewed. Combinations of parameters that produced the 

worst air and soil simulations with the highest errors were removed from the list of parameters. The 

combinations of parameters that produced the best air and soil simulations were also analyzed. The 
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objective was to streamline the list of parameters and combinations from the 6,561 simulations to obtain 

better baseline parameters, which are more representative of the high tunnels at the GCUOF. In order to 

determine a consistent set of parameters that could be applied to these particular high tunnels for 

modelling, the results from the soil properties test described in section 3.2 were strictly followed for the 

damp, moist, and well-watered soil conditions. From data set “2015”, simulation 5905 (one of the best 

soil simulations) was not considered to be accurate since the thermal conductivity of the soil was that of 

a damp soil, while the heat capacity was that of a moist soil, which means there was a disagreement with 

the moisture content and density of the soil. The mismatch of thermal conductivity and heat capacity was 

also observed in simulation 5095 from “2016_1” and simulation 5017 of “2016_2”, both of which were 

best air simulations.  Simulations which included equation 4-9 as the convection heat transfer coefficient 

were also not considered since the equation was developed for a well heated greenhouse floor. Equation 

4-6 was also not considered since it was designed for a screened greenhouse according to literature, and 

the high tunnel simulated in an unscreened tunnel. After eliminating the simulations which have 

mismatching parameters and those convection heat transfer equations, the final parameters which can 

be used to model this particular high tunnel scenario are shown in Table 4-9. The simulations that were 

eliminated are highlighted in Tables 4-6 – 4-8. Ambient wind speeds can cause temperature changes inside 

the greenhouse by causing a fraction of the interior air to be replaced with the outside air at ambient 

temperature (Lubitz, 2014). Air leakage rates in closed greenhouses range from 0.5 to 5 air changes per 

hour (USDA, 2014). Although the GCUOF greenhouse poly covering was very tight, cracks were observed 

around doors and vents. An air change correction was applied at each time step. The rate of air changes 

(AC) per hour was approximated between 1 - 5 ACH/hour. The range of parameters chosen that produced 

the lowest errors for air and soil simulations, and considered to be the most consistent in modelling the 

GCUOF high tunnels are shown in Table 4-9.  
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Table 4-9: Range of parameters that produced the lowest errors for predicting air and 2-inch soil temperatures for 
all three data segments.  

Parameter Name Chosen Values 

Cloud-covered fraction of the sky, 𝑆 

0; clear skies 
0.5; partially cloudy skies 

1; cloudy skies 
 

Transmissivity of glazing, τ1 
 
 

50% 
(Absorptivity = 25%, reflectivity = 25%) 

Emissivity of glazing, 𝜀1 
 

0.4 
0.55 
0.7 

Thermal conductivity of soil, k 
 

0.59 W/m∙K 
0.71 W/m∙K 
0.94 W/m∙K 

Specific heat capacity of soil, c 
 
 

1050 J/kg∙K 
1200 J/kg∙K 
1350 J/kg∙K 

Convection from soil to inside air, 𝑄𝑐𝑜𝑛𝑣(3) 
ℎ𝑐(3) = 10(∆𝑇)0.33 
ℎ𝑐(3) = 3.4(∆𝑇)0.33 

Convection from inside air to glazing, 𝑄𝑐𝑜𝑛𝑣(2) 

ℎ𝑐(2) = 2.21(𝑇2 −  𝑇1)0.33 
(0.3 <  𝑇2 −  𝑇1  ≤ 13.8℃) 

 

ℎ𝑐(2) = 4.3(𝑇2 − 𝑇1)0.25 
(𝑇2 >  𝑇1) 

 

Convection from glazing to outdoor air, 𝑄𝑐𝑜𝑛𝑣(1) ℎ𝑐(1) = 7.2 + 3.84𝑢 
 

4.7 Model Comparison with Measured and Predicted Data  

In order to determine amount of energy that is exchanged by different parts of the plants (roots in 

the soil, stem, leaves, and the fruit/vegetable), an energy difference was calculated by comparing the 

measured data with the predicted data.  This predicted data from the lumped capacitance uses the 

parameters given in Table 4-9 and for simulations that produced the lowest mean error (given in Tables 

4-6 to 4-8). The heat transfer was calculated between the inside air layer and the two-inch soil layer for 

both the measured data and the predicted data. The difference between these measured and predicted 
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energy exchanges may be attributed to plant effects as outlined by equation 4-27. The energy differences 

for each of the data segments are shown in Figures 4-13 – 4-15. Equations 4-12, 4-13, and 4-14 show the 

process in which the energy exchanges were calculated.  

Where 𝑞𝑎𝑖𝑟−𝑠𝑜𝑖𝑙_𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑  is the energy exchange between the inside air and the soil per square metre 

(W/m2), 𝜌 is the area weighted average of the air and soil densities (kg/m3), 𝑑𝑥 is the thickness of the 

layers (m), 𝑐 is the area-weighted average of the specific heat capacities of the air and the soil (J/KgK), 

𝑇𝑎𝑖𝑟_𝑚 and 𝑇𝑠𝑜𝑖𝑙_𝑚 are the temperature of the air measured at 1m (˚C), and the temperature of the soil 

measured at the 2-inch depth respectively, and 𝑑𝑡 is the time-step (s). The predicted energy exchange 

𝑞𝑎𝑖𝑟−𝑠𝑜𝑖𝑙_𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 is computed using 𝑇𝑎𝑖𝑟_𝑃 and 𝑇𝑠𝑜𝑖𝑙_𝑃, which are the inside air and high tunnel 2-inch soil 

temperatures predicted by the lumped capacitance model (˚C).  

The difference between the measured and predicted energy exchange has a 200 W/m2 range for the 

2015 data segment, a 50 W/m2 range for the 2016_1 data set, and a 150 W/m2 range for the 2016_2 data 

set. Mashonjowa et al., (2013) predicted transpiration rate of tomato crop to be approximately 22W/m2 

for a 30-minute average data. The model showed higher energy differences with the data sets which had 

a high change in temperatures (2015 and 2016_2), and lower measured and predicted energy differences 

for the data set which had a lower change in temperature over the measurement period. A time lag was 

also observed in the predicted data which was increased with the amount of data. Had 15-minute, 30-

minute, or hourly averages been used, there would have been fewer data points for the simulation to 

 
𝑞𝑎𝑖𝑟−𝑠𝑜𝑖𝑙_𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 =  𝜌 × 𝑑𝑥 × 𝑐 ×

(𝑇𝑎𝑖𝑟_𝑚 −  𝑇𝑠𝑜𝑖𝑙_𝑚)

𝑑𝑡
 

(4-28) 

 
𝑞𝑎𝑖𝑟−𝑠𝑜𝑖𝑙_𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 =  𝜌 × 𝑑𝑥 × 𝑐 ×

(𝑇𝑎𝑖𝑟_𝑃
−  𝑇𝑠𝑜𝑖𝑙_𝑃

)

𝑑𝑡
 

(4-29) 

 𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 =  𝑞𝑎𝑖𝑟−𝑠𝑜𝑖𝑙_𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 −  𝑞𝑎𝑖𝑟−𝑠𝑜𝑖𝑙_𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑   (4-30) 
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predict, and it is possible that lower margins of errors would have been achievable, as observed with 

(Mashonjowa et al., 2013) and (Tong et al., 2009). (Boulard et al., 2008) suggested that the orientation of 

the crop inside a greenhouse can increase or reduce the temperature or the humidity by 25%. Hence, it 

cannot be concluded with high certainty that all of the energy difference between the measured and the 

predicted data can be attributed to plant effects.  

 

Figure 4-13: Difference in energy exchange with the measured temperature difference between air and soil, and 
the predicted temperature difference between the air and soil from May 28 – June 1, 2015.  
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Figure 4-14: Difference in energy exchange with the measured temperature difference between air and soil, and 
the predicted temperature difference between the air and soil from September 27 – 29, 2016.  
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Figure 4-15: Difference in energy exchange with the measured temperature difference between air and soil, and 

the predicted temperature difference between the air and soil from September 30 – October 3, 2016. 

 

4.8 Summary of Lumped Capacitance Modelling 

Three data segments were identified within the 2015 and the 2016 growing seasons when data was 

recorded in the unscreened tunnel while all the sides and the doors were closed. An initial lumped 

capacitance model was designed with baseline parameters chosen from literature and by conducting lab 

tests, however, there were high errors between the measured and the predicted data. To reduce the 

magnitude of the errors, and to observe effects of varying specific parameters on the high tunnel 
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microclimate, a sensitivity study was conducted. The first sensitivity altered one parameter at a time while 

holding all other parameters constant at the baseline. The second sensitivity study compared all possible 

combinations of different parameters to identify conditions which would give the lowest errors for both 

air and soil temperatures. While the parameters for the best simulations sometimes varied, the worst 

parameters were always very consistent for all the data segments indicating that there were certain 

conditions and combinations of variables which would always yield inaccurate results. The difference in 

energy between the measured and the predicted temperatures were calculated, and the difference was 

attributed primarily to the effects that plants would have on high tunnel microclimate. It is recommended 

that the parameters stated in Table 4-9 should be the ones to simulate the unscreened high tunnels at 

the GCUOF, when the sides and the doors remain closed. The heat transfer equations developed for this 

model may be adapted and applied for any polyethylene covered passive high tunnels of a similar size 

with no plants and ventilation, in any location. However, the properties of the soil (such as density, 

thermal conductivity, and heat capacity), sky conditions, and polyethylene glazing properties (such as 

thickness and transmissivity) should be as location specific and material specific as possible in order to 

obtain predicted microclimate conditions which are representative of the specific high tunnel. 

Experimentally obtaining convection heat transfer coefficients for the glazing material and the high tunnel 

soil may also be useful in providing more accurate results, which are both material and location specific.  
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5  Artificial Neural Networks (ANNs) 

The one-minute average data collected was converted to hourly averages for both growing 

seasons and implemented in the @RISK & the DecisionTools Suite, NeuralTools 7.1 (Palisade Corporation, 

Ithaca, New York, USA)  which is a datamining application that uses a multi-input single-output neural 

network as an add-in on Microsoft Excel. It has pattern recognition technology to learn the structure of 

the input data to make accurate predictions about the output data.  ANNs have been widely used for 

modelling and predicting air pollution, traffic noise, and surface water temperatures using meteorological 

conditions as inputs. However, creating predictive models of greenhouse air and soil temperatures does 

not appear to have been widely used in literature.  

5.1 Setting up data for the ANN  

The ANN was set up specifically to predict the hourly averaged inside air temperature and the 2-

inch soil temperature of both screened “S” and unscreened “U” high tunnel for the two full growing 

seasons of 2015 and 2016. The ANN was used from the perspective of a grower, to whom the inside air 

and the soil temperatures at a low depth would specifically be on interest when they are planting crops 

and preparing for the growing season. The grower would need to know what the maximum and minimum 

temperatures of the air and soil would be, so they can plan what kind of crop to grow accordingly, that 

would be best suited the high tunnel microclimate. The inputs to the ANN of solar radiation, ambient 

temperatures, wind speed, and the time of year are parameters  that growers will have very easy access 

to, instead of all the parameters that were used in the lumped capacitance model such as soil and material 

properties, and convection heat transfer coefficients.  

Two parameters were chosen to be the output from the ANN: the inside air temperature and the 

soil temperature two-inches below the surface. Models were produced for the screened and the 



99 

 

 

 

unscreened tunnels for both growing seasons. Since an ANN can only predict one output at the time, a 

series of inputs were determined for each of the output parameters. Initial experience and theory 

suggested that the inside air temperature would primarily be a function of the Julian day (D; 1-365), 

incoming solar radiation (G), ambient air temperature (𝑇𝑎𝑚𝑏), and the ambient wind-speed (𝑢):   

 𝑇𝑖𝑛𝑠𝑖𝑑𝑒_𝑎𝑖𝑟 = 𝑓(𝐷, 𝐺, 𝑇𝑎𝑚𝑏, 𝑢) (5-1) 

It was assumed that the two-inch soil temperature was primarily a function of the day, incoming solar 

radiation, ambient air temperature, ambient soil temperature (𝑇𝑠𝑜𝑖𝑙_𝑎𝑚𝑏) which is the 2-inch soil 

temperature recorded in the field plot, ambient wind-speed and predicted inside air temperature 

(𝑇𝑖𝑛𝑠𝑖𝑑𝑒_𝑎𝑖𝑟).  

 𝑇𝑠𝑜𝑖𝑙2 = 𝑓(𝐷, 𝐺, 𝑇𝑎𝑚𝑏 , 𝑇𝑠𝑜𝑖𝑙_𝑎𝑚𝑏, 𝑈, 𝑇𝑖𝑛𝑠𝑖𝑑𝑒_𝑎𝑖𝑟 ) (5-2) 

The ANN development process consists of a training phase, followed by a testing phase, and ending with 

the predicting phase. The ANN is set-up to randomly select 20% of the data testing purposes, based on 

the Pareto principle that a significant portion of process variation is linked with a small portion of the 

process variables (Box & Meyer, 1986). The Variable Impact Analysis operation in NeuralTools measures 

the sensitivity of the predictions compared to the variations of each input variable on the output to 

determine which input variable has the most influence the output parameter in the predicting stage. Since 

all the input variables were numeric in nature, a Generalized Regression Neural Network (GRNN) was 

trained where every training case was represented by an element of the net, referred to as a “node”, in 

the hidden layer. For every prediction which was an unknown value dependent on the combination of the 

inputs, the network interpolated data from the training cases by using the outputs and the corresponding 

inputs. Sixteen scenarios were run using the ANN: 
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- Inside air temperatures and two-inch soil temperatures for both screened and unscreened 

tunnels for the 2015 and 2016 growing seasons 

- Inside air temperatures and two-inch soil temperatures for the 2015 growing season using data 

from 2016 as inputs 

- Inside air temperatures and two-inch soil temperatures for the 2016 growing season using data 

from 2015 as inputs  

5.2 Results and Analyses   

The results from the scenarios run in the ANN are summarized in Tables 5-1 5-4. Table 5-1 

compares statistics for the outputs for the inside air and two-inch soil temperatures for the screened 

tunnels for both growing seasons.  
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Table 5-1: Statistics for the outputs for the inside air and two-inch soil temperatures for the screened tunnels for 
both growing seasons. Twenty percent of the screened tunnel data was used for training the ANN, the remaining 
80% were predicted.  

  2015 
SCREENED AIR 

2015 
SCREENED SOIL 

2016 
SCREENED AIR 

2016 
SCREENED SOIL 

TRAINING Cases 2263 2263 3290 3290 
% Bad 

Predictions 
2.78 0.00 1.09 0.00 

RMSE (℃) 0.7868 0.3071 0.6659 0.2074 
MAE(℃) 0.5524 0.1975 0.4758 0.1319 
Standard 

Deviation on 
MAE (℃) 

0.5603 0.2352 0.4659 0.1600 

TESTING Cases 566 566 823 823 
% Bad 

Predictions 
3.53 0.00 2.43 0.00 

RMSE (℃) 1.524 0.6416 1.164 0.4691 
MAE (℃) 0.9717 0.4384 0.8334 0.3436 
Standard 

Deviation on 
MAE (℃) 

1.175 0.4685 0.8130 0.3193 

VARIABLE 
IMPACT 

ANALYSIS 
(%) 

Day 7.87 23.73 12.04 41.55 
Solar 

Radiation 
(W/m2) 

26.77 0.69 21.73 3.79 

Ambient 
Temperature 

(℃) 

51.23 29.37 46.74 4.14 

Ambient 
Wind-speed 

(m/s) 

14.12 0.11 19.49 1.99 

Ambient Soil 
Temperature 

(℃) 

- 32.72 - 45.31 

Predicted Air 
Temperature 

(℃) 

- 13.38 - 3.23 
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Table 5-2: Statistics for the outputs for the inside air and two-inch soil temperatures for the unscreened tunnels for 
both growing seasons. Twenty percent of the unscreened tunnel data was used for training the ANN, the 
remaining 80% were predicted.  

  2015 
UNSCREENED 

AIR 

2015 
UNSCREENED 

SOIL 

2016 
UNSCREENED 

AIR 

2016 
UNSCREENED 

SOIL 

TRAINING Cases 2263 2263 3290 3290 
% Bad 

Predictions 
3.58 0.00 0.91 0.00 

RMSE (℃) 0.5930 0.2151 0.5258 0.3943 
MAE (℃) 0.3635 0.1201 0.3084 0.2568 
Standard 

Deviation on 
MAE (℃) 

0.4685 0.1784 0.4259 0.2993 

TESTING Cases 566 566 823 823 
% Bad 

Predictions 
7.07 0.00 1.22 0.00 

RMSE (℃) 1.494 0.4471 1.138 0.6930 
MAE (℃) 0.8204 0.2771 0.5946 0.4693 
Standard 

Deviation on 
MAE (℃) 

1.249 0.3509 0.9700 0.5099 

VARIABLE 
IMPACT 

ANALYSIS 
(%) 

Day 13.14 30.62 21.18 33.84 
Solar 

Radiation 
(W/m2) 

17.35 3.20 8.57 1.96 

Ambient 
Temperature 

(℃) 

57.51 20.66 52.85 4.16 

Ambient 
Wind-speed 

(m/s) 

12.00 0.53 17.39 7.72 

Ambient Soil 
Temperature 

(℃) 

- 35.29 - 51.49 

Predicted Air 
Temperature 

(℃) 

- 9.69 - 0.83 
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Table 5-3: Statistics for the outputs for the inside air and two-inch soil temperatures for the unscreened tunnel and 
the screened tunnel for the 2015 season using 2016 data.  

  2015 
UNSCREENED 

AIR 

2015 
UNSCREENED 

SOIL 

2015 
SCREENED AIR 

2015 
SCREENED 

SOIL 

TRAINING Cases 2263 2263 2263 2263 
% Bad 

Predictions 
6.67 0.00 6.10 0.00 

RMSE (℃) 1.925 0.1968 2.125 0.2406 
MAE (℃) 1.882 0.1329 1.188 0.1134 
Standard 

Deviation (℃) 
1.630 0.1451 1.762 0.2122 

TESTING Cases 566 566 566 566 
% Bad 

Predictions 
14.13 0.00 11.84 0.00 

RMSE (℃) 3.047 0.4730 2.899 0.4787 
MAE (℃) 1.882 0.3511 1.967 0.2947 
Standard 

Deviation (℃) 
2.397 0.3170 2.130 0.3772 

VARIABLE 
IMPACT 

ANALYSIS 
(%) 

Day 44.37 18.35 41.05 53.8 
Solar 

Radiation 
(W/m2) 

12.17 6.49 14.94 5.75 

Ambient 
Temperature 

(℃) 

25.46 5.82 25.25 6.11 

Ambient 
Wind-speed 

(℃) 

12.18 5.31 18.76 13.48 

Ambient Soil 
Temperature 

(℃) 

- 63.70 - 20.80 

Predicted Air 
Temperature 

(℃) 

- 0.33 - 0.04 
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Table 5-4: Statistics for the outputs for the inside air and two-inch soil temperatures for the unscreened tunnel and 
the screened tunnel for the 2016 season using 2015 data.  

  2016 
UNSCREENED 

AIR 

2016 
UNSCREENED 

SOIL 

2016 
SCREENED AIR 

2016 
SCREENED 

SOIL 

TRAINING Cases 2263 2263 2263 2263 
% Bad 

Predictions 
2.43 0.00 3.67 0.00 

RMSE (℃) 1.632 0.5906 2.199 0.4494 
MAE (℃) 0.9431 0.3301 1.272 0.2441 
Standard 

Deviation (℃) 
1.332 0.4897 1.793 0.3773 

TESTING Cases 566 566 566 566 
% Bad 

Predictions 
8.83 0.88 10.60 0.00 

RMSE (℃) 3.083 1.559 3.950 0.8697 
MAE (℃) 2.035 1.023 2.737 0.5842 
Standard 

Deviation (℃) 
2.316 1.176 2.847 0.6443 

VARIABLE 
IMPACT 

ANALYSIS 
(%) 

Day 37.81 33.84 36.88 40.47 
Solar 

Radiation 
(W/m2) 

18.43 1.13 21.96 8.64 

Ambient 
Temperature 

(℃) 

29.32 23.84 25.13 25.58 

Ambient 
Wind-speed 

(m/s) 

14.43 1.46 16.04 0.10 

Ambient Soil 
Temperature 

(℃) 

- 19.60 - 25.07 

Predicted Air 
Temperature 

(℃) 

- 20.13 - 0.14 
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In Table 5-1, the dominant variables for predicting the air temperatures of the screened tunnel for 

both growing seasons are ambient temperature and solar radiation (51.23% and 26.77% in 2015, and 

47.74% and 21.73% in 2016, respectively) followed by ambient wind-speed, and the day. The dominant 

variables for predicting the two-inch soil temperatures in the screened high tunnel in 2015 are the 

ambient soil and air temperatures, and the day (32.72%, 29.37%, and 23.73% respectively) while ambient 

soil temperature (45.31%) and the day (41.55%) are the dominant variables for 2016 growing season.  

The dominant variable for predicting the air temperatures of the unscreened tunnels (Table 5-2) for 

the 2015 and 2016 growing season is the ambient temperature (57.51% and 52.85% respectively). 

Ambient soil temperatures (35.29% and 51.49%) and the day (30.62% and 33.84%) were the dominant 

variables for predicting the soil temperatures in 2015 and 2016.  

Tables 5-3 and 5-4 show the results of using one growing season’s data as input to predict the output 

of the other growing season. The day (36.88% - 44.36%) and the ambient temperature (25.13 – 29.32) 

were the dominant variables for predicting the inside air temperature for both screened and unscreened 

high tunnels during both growing seasons. For predicting the two-inch soil temperatures, the day (18.35% 

- 53.80%) and the ambient soil temperature (19.60% - 63.70%) were both dominant variables.  

 For both growing seasons, the wind-speed and the solar radiation was determined by the model 

to have the least impact on the air temperature. Solar radiation having a low impact on the inside air 

temperature is not an accurate representation of the temperature modelling, since the temperatures are 

strongly driven by the amount of incoming solar radiation. Since the ANN is a pattern recognition 

software, it is possible that these variables were given low impact as they were of a higher or lower order 

of magnitude than the temperature, whereas the day and the ambient air temperature were closer to the 

order of magnitude of the output variable. For the two-inch soil temperatures, the ambient wind-speed, 
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predicted air temperature, and the solar radiation were shown by the model to have the least impact on 

the output. While the wind-speed and the predicted air temperature was expected to have very low 

impact on the soil temperature, the low impact of solar radiation on the temperature is once again a 

misrepresentation of the temperature modelling, as the soil increased its thermal capacity by absorbing 

energy from the incoming solar radiation, which is directly proportional to the ambient soil temperature. 

Therefore, despite predicting the model output with very low errors when comparing the measured data 

with the predicted data, it can be concluded that the ANN does not accurately identify the dependence 

of the variables on each other. Instead it recognizes patterns and attempts to isolate the variables by 

assuming they are all independent of each other. The predicted and measured data was also analyzed to 

identify and compare the number of hours that fell in a specific temperature range, and is shown in Table 

5-5 as ‘Predicted hours in Temperature Range / Measured hours in Temperature Range’. Values in red are 

over predictions by the model, values in blue are under predictions by the model with respect to the 

number of hours in a certain temperature range.  

Table 5-5: Comparison of the predicted number of hours that fell within a specific temperature range versus the 
measured number of hours that fell within the same temperature ranges.  

Temperature Scenarios Temperature Range, ˚C 

 < 10 10 - 20 20 - 30 30 – 40 > 40 

2015 Unscreened Air Temperature 650/585 1420/1279 782/837 18/38 0/0 

2016 Unscreened Air Temperature 298/490 2136/1515 395/1760 0/349 0/0 

2015 Screened Air Temperature 650/464 1420/1138 782/871 18/319 0/2 

2016 Screened Air Temperature 298/478 2136/1505 395/1332 0/799 0/11 

2015 Unscreened Soil Temperature 650/0 1420/1183 782/1646 18/0 0/0 

2016 Unscreened Soil Temperature 298/34 2136/1633 395/2306 0/138 0/0 

2015 Screened Soil Temperature 650/0 1420/786 782/2043 18/0 0/0 

2016 Screened Soil Temperature 298/31 2136/1425 395/2657 0/0 0/0 
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While there is a significant difference in the number of hours between the measured and predicted 

temperatures, the overall magnitude of the difference is mostly under 2˚C, and sometimes as low as 0.1 

˚C. The maximum predicted temperature in 2015 and 2016 were 33.99˚C and 29.73˚C respectively.  

5.3 Advantages and Limitations of ANNs  

Multi input single output neural networks have been widely used in different types of predictive 

modelling including vehicle pollution (Nagendra & Khare, 2002), road traffic noise (Hamad, Ali, & 

Shanableh, 2017), ecological processes such as surface water temperature modelling (Publishing & 

Science, 2018) and macro scale modelling of climate change parameters (Salami & Ehteshami, 2016). All 

of these papers confirmed that the ANN outperforms other conventional modelling techniques because 

of its pattern recognizing abilities for non-linear relationships and produce very low errors in the sensitivity 

studies without having to assume any mathematical formats (Hamad et al., 2017). The models are strongly 

dependent on the local characteristics of the parameters which are chosen to be inputs to be able to 

accurately represent scenarios (Publishing & Science, 2018). The ANN set-up involved data collection as 

the very first step, followed by pre-processing and quality controlling the collected data through 

extraction, cleaning, and aggregation; it has the ability to learn by example which makes it more flexible 

than normal regression models (Hamad et al., 2017).  

 However, in spite of being able to make accurate predictions about output data using different kinds 

of inputs and producing low errors in the sensitivity studies, there are still numerous limitations to the 

ANN. It is essentially a black-box model with little understanding of the interrelationships between the 

inputs and the outputs (Hamad et al., 2017), as also observed with the variable impact analysis in Section 

5.2. It does not provide any explanatory insight into the underlying phenomena that is modelled by the 

network. Adding weights to the connections along with the sensitivity analysis and variable impact 



108 

 

 

 

analysis that are equivalent to the parameter coefficients in standard regression models can help the ANN 

to better generalize the data to calculate the interdependence between the variables (Olden & Jackson, 

2002; Salami & Ehteshami, 2016).  

 Hence, it can be concluded that the ANN model using Palisade NeuralTools can successfully predict 

the inside air temperature and the two-inch soil temperature of the screened and unscreened high 

tunnels for both growing seasons using meteorological conditions as inputs. However, it is not the most 

reliable method of determining which variables have the highest impact on the output temperatures, and 

does not provide much insight into the relationships that were modelled by the network to obtain the 

outputs.  
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6 Conclusions  

High resolution one-minute average data for solar radiation, air and soil temperatures, wind-speed, 

and relative humidity were recorded for two growing seasons (from May to November during 2015 and 

2016) in the high tunnels located at the GCUOF. Although several examples of energy modelling studies 

were found in literature, these studies only used 15-minute, 30-minute, or hourly averaged data, with 

parameters such as wind-speed, sun position, and incoming solar radiation often held at constant values 

for all simulations. Furthermore, results were often showed for hourly predicted temperatures, only for 

24 – 48 hour periods. Literature on microclimate modelling using high resolution data and varying solar 

radiation and wind-speed, which was a large part of this project, did not appear to be commonly used.  

Data was recorded in the field, screened tunnel, and unscreened tunnels. Analyses of the data 

recorded showed that the screened tunnel had the highest air and soil temperatures, while the field had 

the lowest air and soil temperatures. Air temperatures in all both high tunnels were highly dependent on 

the incoming solar radiation and had a very low thermal capacity, while the soil temperatures were more 

constrained due to the higher thermal capacity.  

A one-dimensional 10-layer lumped capacitance model was created using conduction, convection, 

and thermal, and infra-red radiation equations to model the energy transfer between the layers of the 

high tunnels and predict air and soil temperatures inside the high tunnel. Three data segments from both 

growing seasons were used in the model for the unscreened high tunnel with all sides and door closed. 

Eight parameters were identified to significantly influence the microclimate of the high tunnels. The model 

was forward differenced in time with a 40-second time step and performed 6,561 simulations using all 

possible combinations of the eight parameters. The results from this sensitivity study were analyzed based 

on the mean absolute error (MAE), mean error (ME), and root-mean-squared-error (RMSE). The errors for 
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the lumped capacitance model errors (MAE, ME, RMSE) were between 0˚C – 9.7˚C for predicted high 

resolution air and soil temperatures inside the unscreened high tunnel with sides closed. A range of 

parameters were identified to be the most accurate for modelling the GCUOF unscreened high tunnels 

with sides closed. The model was very consistent in predicting conditions that produced the largest errors 

in predicting the air and soil temperatures for all three data segments. The combination of cloudy skies 

with high glazing transmissivity, low infra-red emissivity, low soil thermal conductivity, and low soil heat 

capacity was identified by the model to produce the highest errors. The energy difference between the 

predicted and the measured temperatures in the high tunnel were attributed to plant effects, 

accumulation of errors due to using the high resolution data, the magnitude of the temperature 

differences, and the simplifying assumptions that were made.  

The data for the full growing seasons were computed to hourly averages and implemented in Palisade 

NeuralTools, an Artificial Neural Networks Microsoft Excel-based software. Given that the nature of the 

data was numeric, a GRNN was used. The data processing was broken down into a training phase, followed 

by a testing phase, and ending with the predicting phase. The ANN was set-up to train with the default 

20% of the data randomly selected for testing purposes. The ANN was able to predict the air and 2-inch 

soil temperatures with the average errors being between 0.1 ˚C – 2.0 ˚C (MAE and RMSE). NeuralTools 

was also set to run the Variable Impact Analysis, which is a function in the software that can detect the 

magnitude of the impact each variable has on the selected output. The ANN successfully predicted the 

inside air temperature and the two-inch soil temperature of the screened and unscreened high tunnels 

for both growing seasons using meteorological conditions as inputs. However, it is only reliable within the 

ranges of the parameters that were used for training purposes. It was unable to accurately show the 

relationship between each of the input variables, and did not provide much insight into the processes that 

were modelled by the network to obtain the outputs. Hence, using an ANN was concluded to not be useful 
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for designing other high tunnels, or for applying the trained ANN to a different location. To use the ANN 

in a different location and obtain accurate results, the ANN would have to be retrained accordingly with 

inputs and outputs which are specific to the geographical location.  

The effects on ventilation were not incorporated in the lumped capacitance model, which was also 

not used with the screened high tunnel. An experiment on ventilation through the insect mesh in the 

screen high tunnel was conducted with the results showing that ventilation could drop at times by almost 

90% with corresponding changes in pressure loss coefficient and screen Reynolds numbers. It was 

concluded that future work for creating predictive models should incorporate effects of ventilation and 

the insect mesh to model high resolution microclimate conditions, as it can provide a stronger 

understanding of air and soil temperature changes and humidity control inside the high tunnels. Effects 

of plants on the high tunnel microclimate (such as condensation and evapotranspiration) should also be 

investigated throughout the growing season, so that growers and producers can be aware of making any 

modifications for crop cultivation, temperature, and moisture control, as necessary.  
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