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Abstract 

Agricultural production in greenhouses is an important user of energy and can lead to 

greenhouse gas emissions. This study uses Data Envelopment Analysis to compute input-based 

technical efficiency measures and energy efficiency of Michigan greenhouse growers. A two-

limit Tobit model is used to investigate the determinants of farmers’ performance. The 

empirical results indicate that Michigan greenhouse farmers do not use energy and other inputs 

efficiently. Farmers’ input-specific efficiency can be improved by adopting greenhouse film 

types other than double layer poly. 

Keywords: Horticulture; Data envelopment analysis; Energy use; Tobit model; Efficiency  
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Energy and Environmental Efficiency of Greenhouse Growers in Michigan  

1. Introduction 

Agricultural production in greenhouses has been widely practiced in high latitude regions 

such as Korea, Spain, Turkey, the Netherlands and the U.S. (CEAC, 2012). Energy use for 

heating greenhouses is an important input in this type of production. However, greenhouse 

production systems can lead to greenhouse gas (GHG) emissions, when utilizing conventional 

types of energy such as diesel (Ozkan et al. 2011, Mousavi-Avval et al. 2011a). In Michigan, a 

variety of energy materials has been used for greenhouse heating, and the type of energy with 

the highest average energy cost for per grower is natural gas, followed by electricity/geothermal, 

propane, heating oil and coal (Guan and Gao 2010). Some new energy sources such as solar 

energy that produce less environmental pollution have been implemented (Öztürk 2005). 

Additionally, different types of heaters and greenhouse film materials attain different levels of 

energy efficiency, and as a result generate different environmental pollution rates. Electric 

heating by a geothermal heat pump is suggested to be the most efficient type of heating, 

followed by electric heating by an air-source heat pump, natural gas by non-vented heater, and 

electric heating by furnace or boilers etc. (Guan and Gao 2010). Increases in labor and energy 

costs for a greenhouse operation can have a negative impact on efficiency (Dibernardo 2011). 

Hence, growers seek to lower cost and improve production efficiency (Wolfe et al. 2011).  

Among previous studies on energy efficiency of agricultural production in greenhouses, 

three methods are employed to calculate or estimate efficiency: Input-output analysis, 

stochastic frontier analysis (SFA), and data envelopment analysis (DEA). The input-output 
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analysis evaluates production efficiency by transferring all inputs and outputs to identical 

measurement unit of energy such as Ozkan et al. (2004), Canakci and Akinci (2006), 

Bayramoglu and Gundogmus (2009), Banaeian et al. (2011). Although this method provides 

the percentage of fuel use energy in total input energy, it has not specifically provided the 

production efficiency of fuel energy use. SFA is a method used to compute technical efficiency 

based on the stochastic production frontier statistical estimation. DEA is also widely used to 

study the production efficiency of decision making units. DEA calculates technical efficiency 

by identifying a frontier on which the relative performance of all firms in the sample can be 

compared; DEA benchmarks firms only against the best producers. Its nonparametric nature 

gives this method flexibility instead of assuming the relationship between inputs and outputs 

ex ante.   

An effective method to analyze energy efficiency by the DEA model is the non-radial 

measure of sub-vector efficiency. Sub-vector efficiency measures look at the possible 

contraction of a set of inputs or outputs, holding all other inputs and outputs constant. Guan 

and Oude Lansink (2003) analyzed the impact of congestion on input-specific technical 

efficiency using a non-radial sub-vector efficiency approach. . Oude Lansink and Silva (2003) 

employed the sub-vector efficiency method to estimate the energy efficiency and CO2 

efficiency of horticultural firms in the Netherlands with different heating technologies. Using 

a similar approach, Oude Lansink and Bezlepkin (2003) estimated the energy efficiency and 

CO2 efficiency of greenhouse firms in the Netherlands specialized in vegetable, flower and 

potted plant production. 

    The objective of this study is to analyze the efficiency of greenhouse growers, especially 
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energy efficiency. This study follows the approaches of Guan and Oude Lansink (2003), Oude 

Lansink and Silva (2003) and Oude Lansink and Bezlepkin (2003), and employs DEA models 

to compute the total efficiency and sub-vector energy efficiency of Michigan greenhouse 

growers. It extends previous studies with similar approaches such as Guan and Gao (2010) by 

employing a production technology that considers CO2 emissions as a weakly disposable 

output and greenhouse production area as a weakly disposable input. Finally, it provides 

empirical representations of the impact of farmers’ socioeconomic variables on production.  

2. Data and Methodology 

2.1 Data Source and Statistical Summary 

The data include Michigan petunias growers’ production practices and were obtained 

using the Michigan Greenhouse Growers Survey (for the 2012 Season). This survey was 

designed and implemented by the National Agricultural Statistics Service (NASS) Michigan 

Field Office. The survey asks growers about their petunia production practices information, 

their willingness to accept and willingness to pay for several new petunia varieties, and their 

greenhouse production information. The survey questionnaires were sent to growers by mail, 

and one round of phone call follow-ups were done. The overall response rate achieved by the 

survey was 46% (268 out of 583). After deleting invalid observations, 115 valid observations 

remained.  

Several items in this survey are utilized in this study: energy use for heating, greenhouse 

area, labor costs, agrochemicals costs, supplies and materials costs and total annual sales. For 
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the observations that do not provide labor cost but provide number of annual around workers, 

their labor cost is assumed to be an annual salary of $23,760 per year which is the mean annual 

salary of farmworkers and laborers, crop, nursery, and greenhouse reported by Bureau of Labor 

Statistic, May 2013 State Occupational Employment and Wage Estimates, Michigan. The 

greenhouse production area is the simple summation of the total production area of various 

types of greenhouses owned by the same respondent. The energy cost for heating is also the 

summation of costs of various types of energy. CO2 amount emissions from natural gas, heating 

oil and propane are computed according to the Carbon Dioxide Emissions Coefficients (EIA 

2013). The prices of various types of energy were obtained from Oh (Unpublished). The CO2 

emitted from electricity is computed referring to the total output emission factors of RFC-

Michigan in the Emission Factors for Greenhouse Gas Inventories (EPA 2014). The CO2 

amount emitted from biomass is computed referring to wood and wood residuals in the 

Emission Factors for Greenhouse Gas Inventories (EPA 2014). The emission amount of CO2 

for per unit energy is shown in Table 1. 

Table 1. The Transfer Rate of Various Types of Energy from Volume to CO2 Emission. 

Energy Type Unit of Energy Price Transfer Rate 
lbs CO2 per 

mmBTU 

Natural gas thousand feet3 7.38 119.9 117.0 

Heating oil gallon 2.67 26.0 173.7 

Propane gallon 2.23 12.7 139.0 

Electricity MWh 6.55 1,629.4 477.5 

Biomass mmBTU 3.45 206.79 206.8 

Note: The unit for transfer rate is lbs CO2 for all types of energy. The unit of price is U.S. dollar. mmBTU indicates 

million British Thermal Unit (BTU).  

The summary statistics of annual sales of greenhouse production, energy cost, CO2 

emission amount, labor costs, agrochemicals costs, supplies and materials costs and greenhouse 

production area (square feet) are in Table 2. The mean of annual greenhouse production sales 
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is $734,791.00. The most frequently used type of energy is natural gas, followed by propane 

and electricity. The means of energy cost, labor cost, agrochemicals cost and supplies/materials 

cost are respectively $32,871.80, $227,216.00, $10,850.00 and $93,069.00. The average 

greenhouse production area is 70.449.64 square feet, and most of participants use double layer 

poly greenhouse. 

Table 2. Statistical Summary of Annual Sales, Energy Cost, CO2 Emission Amount, Labor Cost, 

Agrochemicals Cost, Supplies and Materials Cost and Greenhouse Production Area. 

Items Means Standard Deviation 

Annual Greenhouse Production Sales 734.8  2,481.5  

Energy Cost 32.9 85.3 

Natural Gas 39.8  93.5  

Heating Oil 4.5 2.3 

Propane 7.2 10.4 

Electricity 10.3 28.6 

Biomass 4.7 3.9 

CO2 Emission Amount 1226.4 5480.5 

Natural Gas 1166.3 5208.2 

Heating Oil 43.5 32.7 

Propane 42.0 58.6 

Electricity 2558.1 7116.3 

Biomass 126.9 104.9 

Labor Cost 227.2  812.3  

Agrochemicals Cost 10.9  39.1  

Supplies/Materials Cost 93.1  302.0  

Greenhouse Production Area 70.9  174.0  

Glasshouse 70.4  120.2  

Rigid Plastic 14.5  20.6  

Double Layer Poly 70.4  160.6  

Single Layer Poly 3.5  1.9  

Note: The unit for greenhouse area is thousands of square feet, the unit of CO2 emission amount is thousands of 

lbs., and the units of all other items are thousands of US dollars.  

    The characteristics of participants are presented in Table 3. The average age and working 

experience of participants is 55 and 24 years, respectively. Around 82% of the sampled farmers 

are male, and 18% female. About 61% of participants have higher education, and 14% received 
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a degree on horticulture or agriculture. About 73% of participants use natural gas for heating 

greenhouse, while 84% use double layer poly greenhouse. Finally, 90% of participants use unit 

heater (both vented and non-vented unit heater). 

Table 3. Characteristics of participants and types of energy, greenhouse film and heater. 

Variable Coding Scheme 
Mean or 

Percentage 

  Mean 

(Standard 

deviation) 

Age  54.88 

(10.52) 

Working experience (in 

years) 

 24.14 

(11.45) 

  Percentage 

Gender 1=male; 

0=female. 

81.74% 

18.26% 

Education Base=high ungraduated; 

1=high school graduated; 

1=higher educated. 

5.22% 

33.91% 

60.87% 

Horticultural education 1=have a degree on 

horticultural/agricultural; 

0=do not have. 

13.91% 

 

86.09% 

Energy type Base=natural gas 

1=not natural gas 

73.04% 

26.96% 

Greenhouse film type Base=double layer poly; 

1=other materials. 

84.35% 

15.65% 

Heater types Base=unit heater; 

1=other types of heater 

90.43% 

9.57% 

Note: Energy types except natural gas include heating oil, propane, electricity and biomass; other materials of 

greenhouse film include single player poly, rigid plastic greenhouse and glass greenhouse; and other types of 

heaters include condensing boiler, biomass burner and non-condensing hot water/steam boiler.  

2.2 DEA Model and Methodology 

DEA is a methodology to estimate the performance of decision making units by linear or 
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non-linear programming to build a frontier (Cooper et al. 2007, Coelli et al. 2005). It has been 

widely used by previous studies to analyze the efficiency of production because of its 

nonparametric nature and adaptability to various topics (Cooper et al. 2007, Simar and Wilson 

2007). Unlike parametric approaches, DEA does not require an assumption about the form of 

the production function. Its flexibility enables DEA to be used in various industries such as 

government, transportation, hospitals, agriculture, etc. (Cooper et al. 2006). Liu et al. (2013) 

conduct a literature synthesis on DEA and suggest that the number of analyses on DEA will 

sharply increase in the next 15 years. The DEA efficiency score used in this study is the Farrell 

efficiency score introduced by Debreu (1951) and Farrell (1957). It has been further developed 

into several essential measures, which are widely used to measure environmental efficiency. 

Two major efficiency measurements have been used in this study: radial efficiency measure 

and non-radial efficiency measure. Radial efficiency measure allows a proportional reduction 

of all inputs or all outputs simultaneously, while non-radial measure allows a non-proportional 

reduction (Zhu 1996).  

In this study, energy use, greenhouse area, labor cost, agrochemicals cost, and 

supplies/materials cost are considered as inputs, denoted as 𝑋 for the inputs of the entire 

sample and 𝑥𝑖  for the inputs of one observation. The total annual sales value is the desirable 

output, denoted as 𝑄 for the inputs of entire sample and 𝑞𝑖 for the inputs of one observation. 

To measure the impact of environmental effects on production, several methods were 

introduced by Coelli et al. (2005) and Simar and Wilson (2014), mainly including one-stage 

DEA and multiple-stage DEA. For the one-stage DEA model, Daraio (2012) and Simar and 

Wilson (2014) suggest to assume that the environmental factors are freely disposable, desirable 
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inputs or a freely disposable undesirable output. Meanwhile, Oude Lansink and Silva (2003) 

and Oude Lansink and Bezlepkin (2003) introduce the environmental factors as weak 

disposable inputs, in order to measure sub-vector efficiency. Weak disposability refers to an 

input or an output that is costly to dispose (Färe et al. 1994). Considering the possible regulation 

on CO2 emissions, excessive CO2 emissions may face a carbon tax in the future or other 

regulation. Hence, CO2 emissions are assumed as a weakly disposable output, denoted as 𝐵 

for the entire sample and 𝑏𝑖 for one single observation.  

 

Figure 1 Illustration of DEA CRS, VRS with weakly disposable inputs and strong disposable 

inputs models 

With an example of two inputs and one output, the comparisons among DEA CRS, VRS 

with strongly disposable inputs and VRS with weakly disposable inputs are shown in Figure 1. 

The vertical axis is the ratio of 𝑋1 to 𝑌, and the horizontal axis is the ratio of 𝑋2 to 𝑌. Curve 

B’C’D’E’F’H’ denotes the curve of the DEA CRS model. Curve BCDEFH denotes the curve 

of the DEA VRS model that assumes all inputs are strongly disposable. When 𝑋1 is assumed 
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to be a weakly disposable input, the curve of the DEA VRS model is Curve ACDEFH. If 𝑋1 

and 𝑋2 are assumed to be weakly disposable inputs, the curve of DEA VRS model is Curve 

ACDEFG. The TE is the ratio of 0J’/0Q. Following Figure 1, the PTEs considering inputs as 

strongly disposable and weakly disposable are the ratio of 0J/0Q. The SE is ratio of 0J/0J’. The 

strongly disposable inputs are the inputs that do not produce extra costs for their reduction, and 

the reduction of the weakly disposable inputs will produce extra costs.  

The mathematical programming equations of input orientated CRS to compute TE is as 

follows: 

𝑀𝑖𝑛
𝜆

𝜃𝑠  , 

𝑆𝑡:       − 𝑞𝑖 + 𝑄𝜆 ≥ 0, 

              −𝜎𝑏𝑖 + 𝐵𝜆 = 0, 

              𝜃𝑠𝑥𝑖 − 𝑋𝜆 ≥ 0, 

𝜆 ≥ 0. 

The mathematical programming problem for VRS, input-orientated, to compute PTE is:  

𝑀𝑖𝑛
𝜆

𝜃𝑠  , 

𝑆𝑡:       − 𝑞𝑖 + 𝑄𝜆 ≥ 0, 

              −𝜎𝑏𝑖 + 𝐵𝜆 = 0, 

              𝜃𝑠𝑥𝑖 − 𝑋𝜆 ≥ 0, 

𝜆 ≥ 0, 
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𝐼′𝜆 = 1, 

where 𝜃𝑠 is the technical efficiency with strongly disposable inputs of the 𝑖-th grower; 𝑄 

and 𝐵  are respectively 1 × 𝑛  vectors of desirable output and undesirable output for all 

observation; 𝑋 is a 𝑘 × 𝑛 matrix of all inputs for all observations; 𝑞𝑖 and 𝑏𝑖 are respective 

scalars of good output and bad output for the 𝑖-th growers; 𝑥𝑖 is a 𝑘 × 1 vector all inputs for 

the 𝑖-th growers; 𝜎 is a scalar of the factor for weak disposability and 𝜎 ∈ [0,1]; 𝜆 is the 

𝑛 × 1 intensity vector for each input and output; 𝐼 is a 𝑛 × 1 unit vector of 1; 𝑛 is the 

number of observations, which is 115 in this case; 𝑘 is the number of inputs, which is 5 in this 

case. We employ DEA CRS to estimate TE and DEA VRS to estimate PTE. SE is 𝑃𝑇𝐸/𝑇𝐸 

(Coelli et al. 2005).  

2.3 Sub-vector DEA Models and Methodology 

Sub-vector DEA model is able to calculate the technical efficiencies of one input or one 

subset of all inputs (Färe et al. 1994). As Figure 1 illustrated, assuming that the sub-vector 

efficiency of 𝑋1 is computed and 𝑋2 is fixed, the sub-vector efficiency score is UT/UQ. 

    The mathematical programing equations of DEA VRS model computing the sub-vector 

efficiency considering strong disposability are as follows: 

𝑀𝑖𝑛
𝜆,𝜎

𝜃𝑆  , 

𝑆𝑡:       − 𝑞𝑖 + 𝑄𝜆 ≥ 0, 

              −𝜎𝑏𝑖 + 𝐵𝜆 = 0, 

              𝜃𝑆�̅�𝑖 − �̅�𝜆 ≥ 0, 
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                   �̿�𝑖 − �̿�𝜆 ≥ 0, 

𝜆 ≥ 0, 

𝐼′𝜆 = 1, 

where �̅� is a 𝑘∗ × 𝑛 matrix of detectable inputs for entire sample, and 𝑘∗ is the number of 

inputs that are not fixed; �̿� is a (𝑘 − 𝑘∗) × 𝑛 vector of the inputs for entire sample; �̅�𝑖 is a 

𝑘∗ × 1 vector of the unfixed inputs for the 𝑖-th grower; �̿�𝑖 is a (𝑘 − 𝑘∗) × 1 vector of the 

fixed inputs for the 𝑖-th grower; and all inputs are strongly disposable. 

2.4 Tobit Regression Model 

Although there are debates on the models used in the second stage of the two-stage DEA 

model, Tobit model is employed by this study to determine the factors that might impact on 

growers’ performance. Grosskopf (1996) suggests that Tobit model is used by several studies 

because of its capacity of setting boundary above at one. Simar and Wilson (2007) suggest that 

Ordinary Least Squares (OLS) model and Tobit model might be influenced by serial correlation, 

and OLS has not setting boundary for the efficiency in most studies. Hence, they proposed a 

two-stage bootstrapping DEA model using truncated normally regression at the second stage. 

This method has been widely used to study the determinants of efficiency of agricultural 

production such as Monchuk et al. (2010) Wouterse (2010), Watto (2013) and Thibbotuwawa 

et al. (2013). However, Banker and Natarajan (2008) suggest that Tobit model is not superior 

to OLS or maximum likelihood estimation (MLE). They suggest that although Simar and 

Wilson (2007) might prove that MLE with truncated regression is superior to Tobit model under 

restrictive assumptions, OLS is admitted by both studies to be a valid method. However, based 
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on empirical research, Afonso and St. Aubyn (2006) suggest that the results of Tobit model, 

single bootstrap procedure and double bootstrap procedure are similar, and Larsén (2008) also 

suggests that the results show no significant difference among the estimation of these models 

at the second stage. These two studies have become the evidence of employing Tobit model by 

several studies such as Johansson (2007), Hansson (2007) and Manevska-Tasevska and 

Hansson (2010). Hence, this study also uses two-limit Tobit model to study the determinants 

of efficiency of greenhouse production. Because of efficiency score naturally ranges from 0 to 

1, the distribution of dependent variables should also censored within this range. The function 

of Tobit model is: 

𝑌 = 𝑋𝛽′ + 𝜀 

where 𝑌 is a 𝑛 × 1 vector of one efficiency of TE, PTE, SE and all sub-vector efficiency of 

one input; 𝑛 is the number of observations; 𝛽 is a 1 × 𝑚 vector of parameters; 𝑋 is a 𝑛 ×

𝑚 matrix of all independent variables; 𝑚 is the number of independent variables. In this 

study independent variables include nine variables: energy type, greenhouse film type, heater 

type, major operator’s gender, age, working year, education level and education experience on 

agriculture or horticulture; 𝜀 is the error term that is independently normally distributed with 

a mean of 0 and a constant variance of 𝜎2. MLE is used to estimate the Tobit model (Tobin 

1985).  

3. Results and Discussion 

Each greenhouse grower’s PTE, TE are all sub-vector efficiency are computed by General 

algebraic modelling system (GAMS). In this model, energy cost, greenhouse production area, 



14 
 

labor cost, agrochemicals cost and supplies/materials cost are inputs, and the estimated annual 

gross sales of greenhouse operation and CO2 emissions modeled as desirable and undesirable 

output, respectively..  

Table 4 shows the statistical summary of efficiency scores of the 115 Michigan greenhouse 

growers. The mean TE, PTE, and SE of the sampled farms is 0.387, 0.505 and 0.792 

respectively. These results reveal a considerable scope for improving technical efficiency in 

Michigan greenhouse industry. They also imply that increases in technical efficiency can be 

achieved with the current technology (e.g. more precise application of production inputs such 

as agrochemicals). The mean sub-vector efficiency computed using the DEA VRS model for 

energy, greenhouse production area, labor, agrochemicals and supplies/materials is 0.280, 

0.360, 0.319, 0.400 and 0.292, respectively. These results show that greenhouse firms use all 

production inputs quite inefficiently.  

Table 4. Summary Statistics of Efficiency Measures for Michigan Greenhouse Growers in 2012. 

Efficiency Means Standard deviation 

Technical Efficiency (CRS model) 0.387  0.292  

Pure Technical Efficiency (VRS model) 0.505  0.318  

Scale Efficiency 0.792  0.247  

Sub-vector Efficiency   

Energy 0.280  0.390  

Greenhouse Area 0.360  0.375  

Labor 0.319  0.391  

Agrochemicals 0.400  0.354  

Supplies/Materials 0.292  0.383  

Table 5 presents the distributions of all efficiency scores of greenhouse growers. Thirteen 
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growers are technically efficient, and 79 growers have technical efficiency scores lower than 

0.4. Twenty six growers are pure technically efficient, while 57 greenhouse growers have pure 

technical efficiency scores lower than 0.4. Concerning the scare efficiency estimates, 34 

growers operate on an optimal scale. Moving to the input-specific sub-vector efficiency scores, 

25 growers use efficiently energy, greenhouse production area, labor and supplies/materials. 

The number of greenhouse producers that are efficient in using agrochemicals is slightly higher 

(i.e. 26 growers). The majority of the sampled farms have input specific efficiency scores in 

the 0-0.2 efficiency range. This result implies that there exists a great potential for improving 

efficiency in inputs use in Michigan greenhouse production.  

Table 5. Distribution of Efficiency Measures for Michigan Greenhouse Growers in 2012. 

 [0,0.2] (0.2,0.4] (0.4,0.6] (0.6,0.8] (0.8,1] 1 

Technical Efficiency (CRS model) 37 42 14 6 3 13 

Pure Technical Efficiency (VRS 

model) 
20 37 24 6 2 26 

Scale Efficiency 3 10 9 26 33 34 

Sub-vector Efficiency       

Energy 81 8 1 0 0 25 

Greenhouse Area 62 18 6 2 2 25 

Labor 74 10 3 1 2 25 

Agrochemicals 49 28 10 2 0 26 

Supplies/Materials 77 12 1 0 0 25 

    The efficiency scores of the current study are lower than efficiency estimates presented in 

other studies evaluating the performance of greenhouse firms (Guan and Gao, 2010; Oude 

Lansink and Bezlepkin, 2003; Oude Lansink and Silva, 2003; Pahlavan et al, 2011; 
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Khoshnevisan et al, 2013a; Khoshnevisan et al., 2013b). Guan and Gao (2010) report technical 

and energy efficiency of 0.64 and 0.54, respectively, in their study of Michigan floriculture 

farms.  

The Tobit regression results are shown in Table 6. An important finding is that switching 

from double layer poly to other greenhouse film types increases all efficiency measures. This 

result implies that double layer poly is a factor that contributes to lower technical, energy, scale 

and input-specific efficiency at the farm level. Switching from natural gas to other forms of 

energy decreases SE. Older decision makers are less scale efficient but more pure technical and 

energy efficient and efficient in using agrochemicals. More experienced farmers are less pure 

technical efficient and more scale efficient. Farmers with higher training in horticulture have 

higher pure technical and scale efficiency and are more efficient in applying agrochemicals. 

Unlike other studies that present empirical representations of the impact of socioeconomic 

variables on efficiency in the greenhouse industry (Bremmer et al., 2008; Dhungana et al., 2004; 

Haji, 2006; Begum et al., 2009; Aman and Haji, 2011; Ogunniyi and Oladejo, 2011); Poudel et 

al., 2012), this study did not find a significant impact of farmers’ socioeconomic characteristics 

on technical efficiency. 
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Table 6. The Tobit Regression of Technical Efficiency, Pure Technical Efficiency, Scale Efficiency and All Sub-vector Efficiency. 

Variable TE PTE SE 
Sub-vector Efficiency 

Energy Greenhouse Labor Agrochemicals Supplies/Materials 

Intercept 0.615*** 0.287 1.383*** 0.117 0.226 0.163 0.087 0.194 

 (0.227) (0.284) (0.219) (0.344) (0.333) (0.343) (0.316) (0.335) 

Energy Type -0.106 0.080 -0.273*** 0.064 0.093 0.051 0.055 0.066 

 (0.071) (0.087) (0.068) (0.106) (0.103) (0.106) (0.098) (0.104) 

Greenhouse Film Type 0.185** 0.325*** 0.002 0.390*** 0.352*** 0.439*** 0.383*** 0.414*** 

 (0.088) (0.113) (0.085) (0.134) (0.130) (0.135) (0.126) (0.131) 

Heater Type -0.028 -0.006 -0.133 -0.026 -0.009 -0.038 -0.069 0.033 

 (0.105) (0.129) (0.098) (0.157) (0.152) (0.157) (0.144) (0.153) 

Gender -0.074 0.014 -0.063 -0.020 -0.031 -0.031 0.022 -0.014 

 (0.082) (0.100) (0.078) (0.122) (0.119) (0.122) (0.112) (0.119) 

Age 0.0001 0.009* -0.008** 0.009* 0.008 0.008 0.010** 0.008 

 (0.0037) (0.005) (0.004) (0.006) (0.005) (0.006) (0.005) (0.005) 

Working experience -0.0001 -0.007* 0.006* -0.006 -0.006 -0.006 -0.007 -0.005 

 (0.0035) (0.004) (0.003) (0.005) (0.005) (0.005) (0.005) (0.005) 

High School Graduated -0.163 -0.125 -0.148 -0.211 -0.189 -0.135 -0.103 -0.211 

 (0.149) (0.188) (0.144) (0.228) (0.221) (0.228) (0.210) (0.223) 

Higher Educated -0.195 -0.166 -0.143 -0.266 -0.220 -0.223 -0.185 -0.274 

 (0.141) (0.179) (0.137) (0.218) (0.211) (0.217) (0.199) (0.213) 

Horticultural Education 0.142 0.187* 0.010 0.225* 0.192 0.207 0.222*  0.215 

 (0.091) (0.113) (0.088) (0.137) (0.132) (0.137) (0.126) (0.133) 

log Sigma -1.176*** -0.993*** -1.250*** -0.791*** -0.826*** -0.794*** -0.880*** -0.817*** 

 (0.073) (0.080) (0.083) (0.080) (0.080) (0.080) (0.081) (0.080) 

Note: ***, **, and *, respectively, indicate significance at the 1%, 5%, and 10% level. Values in parentheses are standard error. 
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4. Conclusions 

This study employs input-oriented DEA models to compute technical, pure technical, 

scale, and sub-vector efficiency measures of greenhouse growers in Michigan. A Tobit model 

is used to interpret the impact of farmers’ socioeconomic characteristics on the various 

efficiency measures. Results show that Michigan greenhouse farmers are quite inefficient in 

energy use and use of the other inputs and have high technical and pure technical inefficiency. 

This finding implies that efficiency increases can be achieved with the current technology. The 

fact that energy use in greenhouse production contributes to CO2 emissions and Michigan 

greenhouse farmers use energy quite inefficiently, implies that measures that improve farm-

level energy efficiency will benefit both farmers’ economic and environmental performance. 

This study also shows that there is a potential to improve efficiency in input use when adopting 

greenhouse film types other than double layer poly. The latter is widely adopted by the sampled 

farms (i.e. 84.35% adoption rate) due to its cost-effective nature (Giacomelli and Roberts, 

1993). This implies that economic incentives that render other greenhouse film types more 

cost-effective could potentially increase their adoptability and farmers’ input-specific 

efficiency.   
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