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Abstract

:

Glasshouse farming is one of the most intensive types of production of agricultural products. Via this process, consumers have the ability to consume mainly off-season vegetables and farmers are able to reduce operational risks, due to their ability to control micro-climate conditions. This type of farming is quite competitive worldwide, this being the main reason for formulating and implementing assessment models measuring operational performance. The methodology used in this study is Data Envelopment Analysis (DEA), which has wide acceptance in agriculture, among other sectors of the economy. The production protocols of four different vegetables—cucumber, eggplant, pepper, and tomato—were evaluated. Acreage (m2), crop protection costs (€), fertilizers (€), labor (Hr/year), energy (€), and other costs (€) were used as inputs. The turnover of every production unit (€) was used as the output. Ninety-eight agricultural holdings participated in this survey. The dataset was obtained by face-to-face interviews. The main findings verify the existence of significant relative deficiencies (including a mean efficiency score of 0.87) as regards inputs usage, as well as considerably different efficiency scores among the different cultivations. The most efficient of these was the eggplant production protocol and the least efficient was that used for the tomato. The implementation of DEA verified its utility, providing incentives for continuing to use this methodology for improving land management decision making.
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1. Introduction


Glasshouses are traditionally used in agriculture for vegetable and flower production because of the significantly reduced risk for both farmers and traders, due to the ability provided to control microclimate conditions. This is quite important for cultivations quite sensitive to weather conditions, like vegetables and flowers. Additionally, continuous and growing demand for such products in places where it is not possible to grow vegetables, mainly due to adverse weather conditions, in accordance with the demand for offseason products, provides the necessary incentives for this type of cultivation to develop. Examining the case from an economic and operational perspective, glasshouse farming is mainly a capital-intensive production process, and in some cases, where low technology is applied, labor intensive. It has been proven that the lower the technology level used, the less capital is invested, increasing in this way the dependence on labor for a successful outcome [1]. Modern glasshouses are not following this trend and on the contrary are adopting high technology standards, driving these holdings to capital-intensive production units [2]. Glasshouse cultivation, when it is applied in low technology premises, contributes to soil degradation and excessive water use [3]. Another characteristic of this sector is its market orientation, which is in contrast with other cultivations (e.g., arable crops and animal feeding) as their development was based on subsidies. Glasshouse farming has proven its feasibility in economic terms, and in many cases its ability to achieve high profitability. Additionally, this close interrelationship with market forces has been an integral part of its organizational culture, in accordance with increased flexibility and adjustment to consumer preferences and demands [4]. Such an intensive production process requires high management standards for succeeding high input utilization scores, increasing in this way their competitive advantage. Moreover, there is a need to identify which crop is better tailored to the structural characteristics of each holding, providing considerable assistance to the decision-making process. Most land management decisions for vegetables are usually taken without examining or evaluating the efficiency results for every production process. Based on this status quo, it is essential research finding and case studies relevant to agriculture (and more specifically to land management issues) be analyzed and taken into consideration in order to specify appropriate methodological approaches for similar cases.



Data Envelopment Analysis (DEA) is a widely accepted methodological approach for assessing productive efficiency or quantifying relative deficiencies. It has been implemented in agriculture in various versions, estimating farmer efficiency and the determinants of yield [5,6] as well as evaluating operational, environmental, and energy aspects of production [7]. The first statement about resolving the issue of productive efficiency was introduced by Farrell [8]. Later, Charnes et al. [9] introduced DEA as a reliable methodological approach for quantifying possible deficiencies for production units using a number of inputs and producing a number of outputs. The extensive acceptance and recognition of this methodology is due to its non-parametric approach, as well as its providing assistance with successful resource allocation, categorizing efficient operating practices, and formulating efficient strategies, as well as monitoring efficiency changes for specific time periods [10]. The most significant uses of the DEA model are its use in peer groups, the setting and dissemination of efficient operational practices, the identification of specific goals, the development of efficient strategies, the capacity to observe efficiency changes over time, and resource allocation [11]. There are, though, considerable limitations regarding DEA implementation. The most important of these are the lack of statistical properties of the sample and the impact of sample size on the results obtained [12,13,14,15]. The efficacy of the DEA model has been demonstrated by its use in assessing the effectiveness of very important production sectors of economy, even now [16]. One of the most important practical applications of DEA is its use in banking. Banks use DEA largely as a useful implement for evaluation, monitoring, and developing performance [17,18]. The same methodological approach has been applied for efficiency evaluation of school units with considerable results [19,20]. Another sector in which DEA is increasingly used is logistics [21], while the implementation of the model in the energy sector is also important, as with the use of the model the effectiveness of energy plants has been proven [22]. While DEA has been used in multiple economic-based studies it has been recently used as an agricultural tool. Many studies have used DEA in the agricultural sector, using a plethora of different inputs and outputs for both crop and animal assessments [23]. Due to the fact that water scarcity is a vital issue for agricultural production, DEA has been implemented to evaluate the efficiency of irrigated agricultural holdings [24,25]. The same approach has provided significant results with regards to clarifying the three aspects of efficiency, i.e., the technical, the economic, and the environmental. [26]. Additionally, it has been used to classify agricultural holdings producing olive oil in regions with significant production deficiencies [27].



Quite important findings have been obtained by combining DEA with Life Cycle Assessment (LCA). LCA is a methodological tool for evaluating the environmental impact of a production process or a product. Such application can be found in both crop and animal production cases, including fisheries [28], dairy farming [29], arable crops [30], and grape production [31]. In a similar manner, there are cases where undesirable outputs, like greenhouse gas (GHG) emissions, have been assessed by using DEA to improve energy efficiency [32,33]. Quite interesting, however, is a different methodological approach proposed by Cassidy et al. for redefining agricultural yields [34].



Significant increases in human populations, especially in Asia, suggest new ways of facing food security worldwide. DEA gives insight into areas with high potential for maximizing their efficiency in producing food, by improving the effectiveness of input usage [35]. Efficiency of land cultivation can be investigated on a yearly basis, ensuring higher yields [36]. Large areas with multiple variations (plain, hill, and mountain areas) can be categorized and monitored with the use of this model, providing homogenous production clusters [37].



The production process can be assessed using DEA, revealing weak points across the entire farm-to-fork value chain. It can be utilized as a selection tool for choosing the most efficient supplier according to certain criteria (e.g., eco-friendliness) [38]. A survey by Zhou et al. has concluded that there are only a few surveys that combine DEA with socioeconomic characteristics, proving that food production should have a holistic approach [39]. In the same literature review it is underlined that there is a gap in examining the efficiency of industrial value chains.



The same methodological approach has facilitated representative research findings from both the crop and animal production sectors, assessing the eco-efficiency of the production process. Useful findings have been obtained for both citrus and olive cultivations in the Mediterranean region, where water resources are scarce, with the model identifying excessive usage of water for irrigation purposes [40,41]. Impressive results have also been obtained from assessing the operational and environmental efficiency of grape production. In this case, DEA implementation led to the need for 30% reduction of input usage on average. When this reduction was applied it led, during the next cultivating period, to a 28% profitability gain [31]. The same approach has been followed in the milking sector. The assessment of both the operational and environmental performance of milking cows has led to significant reductions in operational costs, as well as to the improvement of their environmental footprint [42].



Intensive agricultural production is heavily dependent on energy consumption. The most characteristic cases of this are glasshouse production systems. Several cases have been assessed focusing on the efficiency of their energy management protocols. One application of DEA on a tomato production process succeeded in achieving a stable harvest by reducing energy consumption by 25.15% [43]. Quite interesting is the efficiency comparison between holdings producing cucumbers and tomatoes. For the former, technical efficiency calculations verified that 27% of the sample was efficient. For the latter, the average efficiency score for tomato cultivation was 0.94, signifying the considerable difference of competitiveness between the two cultivations [44]. The same trend has been verified for glasshouse rose production, where 43.59% energy savings has been seen to be able to be achieved without jeopardizing existing yields [45]. Keeping in mind the above findings, it is interesting to identify efficiency levels of input use in glasshouse production in regions where similar research findings have not yet been published. For this reason, we undertook field research in order to identify possible over-usage of inputs in glasshouse vegetable production and to quantify them. Such findings assess on a realistic basis the direct negative impacts of these practices on the overall cost of production.



The paper proceeds in the following way. In the following section, the basic theory of DEA is presented. In Section 3 the results of the DEA analysis are presented. The final section concludes.




2. Materials and Methods


DEA, as was mentioned earlier, is a non-parametric model where it is not compulsory to specify the inputs and outputs being used and obtained, respectively, in production function. Each production unit participating in the implementation of this model is called a Decision Making Unit (DMU) which uses m inputs and produces s outputs. The data set of the model consists of n DMUs. The efficiency score for every DMU is calculated by using the following model, following the original approach of Charnes et al. [9]:



Constant Return to Scale (CRS) Model


minθ−ε(∑i=1msi−+∑r=1ssr+)



(1)







Subject to


∑j=1nλjχij+si−=θxio  i=1,2,…,m



(2)






∑j=1nλjyrj−sr+=yro  r=1,2,…,sλj≥0  j=1,2,…,n



(3)







Variable Return to Scale (VRS) Add


∑j−1nλj=1



(4)




where j is the number of observations of the DMUs. Each observation DMUj (j = 1, 2, … n), uses m inputs xij (i = 1, 2, … m) to produce s outputs yrj (r = 1, 2, … s). The efficient frontier is determined by these n observations. θ is the efficiency score of each DMU. There are two properties to ensure that a piecewise linear approximation has been developed to the efficient frontier and the area dominated by the frontier. ∑j=1nλjχij (i = 1, 2, … m) and ∑j=1nλjyrj (r = 1, 2, … s) are the possible inputs and outputs achievable by the DMUj, where λj (j = 1, 2, … n) are nonnegative scalars that ∑j=1nλj=1. The same yrj can be obtained by using xij∧, where xij∧≥xij and the same xij can be used to obtain yij∧, where yij∧≥yij.



si_ and sj+ represent input and output slacks, respectively. The efficiency target is


xij∧=θ*xio−si−* i=1, 2, … m



(5)






yij∧=yio+sr+* r=1, 2, … s



(6)







If θ*=1 then the DMU under evaluation is a frontier point. If θ*<1 then the DMU under evaluation is inefficient and has to decrease its input levels. The non-zero optimal λj* represents the benchmarks for a specific DMU under evaluation. The efficiency target demonstrates how inputs can be decreased to make the DMU under evaluation efficient.



Both the CRS and VRS DEA models are considered radial. One of the most applied versions of radial measure is that which is slack-based [46,47]. Additionally, the directional distance function model provides the ability to project the evaluated DMU by assigning a vector in the Euclidean space. The major advantage of this approach is the ability to clarify the direction of decreasing inputs and increasing outputs and include in such surveys undesirable outputs being obtained during the production process [48,49,50]. Finally, Banker and Thrall [51] have extended the Return to Scale estimation for a single-output estimation to multiple output cases, utilizing the benefits obtained by applying DEA.



In this paper, the input-oriented model has been applied, assuming VRS. This model allows variations in return to scale, which is usually an issue in agriculture because it is not appropriate to assume perfect competition, elimination of constraints, easy access to finance, and so on The input-oriented model was chosen because the target of this research was to propose ways of cost-of-production minimization, instead of production maximization.



The place of research was southern Greece, or more specifically, the regions of Peloponessos and Crete, where the vast majority of glasshouse agricultural holdings are located due to mild weather conditions (Figure 1). In both regions cultivating practices are similar. The time period of our research was autumn 2016–spring 2017, because during summer glasshouses are not used for cultivation purposes. Both regions are quite important for the national economy, accounting, in the year 2017, for Crete 13,773 € per capita and for Peloponessos 13,134 € per capita, which is above the national medium [52].



The crops selected for this study are the main ones produced in Greece as offseason vegetables [52]. A questionnaire was used to collect all information related to production costs and the turnover of each holding. These data referred to each product, and the crops included in this work were tomato, cucumber, eggplant, and pepper. They were collected via face-to-face interviews by a group of five interviewers who had been trained previously on this topic. Ninety-eight DMUs were examined which refer to equal agricultural holdings, with the descriptive statistics of these described in the following table. The inputs used were the acreage of each cultivation, the working hours, and all kind of costs related to each cultivation, like crop protection (the value of fungicides and insecticides), fertilizers, energy, plants, and other costs (e.g., maintenance). The output was considered to be the turnover of each crop. This selection was based on previous similar projects which have verified their suitability for such assessments [43,44]. Every glasshouse cultivated all four crops by its being divided appropriately. Three interviewers collected data in Crete and two of them in Peloponnese. All of them were agronomists or postgraduate students, having the necessary background for such surveying. The sample can be considered as representative because a stratified sampling methodology was followed. The Ministry of Food and Rural Development, in collaboration with the statistics authority, has formulated a database providing information about the structural characteristics of agricultural holdings, including glasshouse holdings. The total acreage covered with glasshouses is nearly 6000 Ha. Fifty percent of this is located in the regions of Peloponnese and Crete. The classification of glasshouses in these regions, based on their acreage, is presented in Table 1. The sample used represents, with the same ratio, these agricultural holdings, having as criteria their size and the technology level they apply. The structural characteristics of the sample are presented in Table 2.



From the above data (Table 3) it is obvious that the sizes of the agricultural holdings are rather small; this still is their main characteristic. Additionally, it is worth mentioning that the majority of them do not use energy for heating, instead taking advantage of the mild weather conditions during winter in these regions. Their main disadvantage is that they do not use cooling infrastructure during summer, this being the main reason for cultivating only off-season vegetables. The software used for this analysis was Microsoft Excel Solver 2007.




3. Results


The application of the DEA VRS model provided the following results, which are described in Table 4 and Table 5.



Despite the fact that the average efficiency scores can be characterized as satisfactory, the variation in efficiency scores is significant because the minimum efficiency score for a DMU was only 0.32. That means that for this specific one that there was excessive usage of all the inputs already mentioned by 68%. Due to the fact that several cultivations were included in this model, it is quite useful to identify the efficiency scores for each cultivation separately. The following table illustrates these results.



Table 6 provides useful information for the efficiency scores of each cultivation process. Based on this, the eggplant appears to be the cultivation with the highest efficiency scores in a homogenous way because its standard deviation score is zero. This outcome appears due to the fact that all farmers follow similar production protocols, which are proposed by agronomists and lead to consumption of similar quantities of inputs. The second-ranked cultivation is pepper, which achieved quite satisfactory scores. The third is the cucumber cultivation and the forth cultivation appears to be that of the tomato, which achieved the lowest efficiency score. Additionally, the same cultivation appears to have the largest variation in efficiency scores among all the cultivations, as the SD indicates. This illustrates the significant differences in input usage existing among farmers, providing hints for further research on why this is happening only within tomato cultivation and not for other crops.




4. Discussion


Based on the above results, and keeping in mind similar research findings, it is evident that this methodological approach has the potential to provide useful information regarding the decision making process. It is evident that there is considerable variation in input usage among farmers in two dimensions. The first refers to efficiency scores per DMU, where there are different levels of homogeneity. The second refers to efficiency differences among the four vegetable production protocols which were examined. This methodological approach provides information on a DMU level about excess input usage, specifying the directional distance of each inefficient DMU from the frontier line (which is formulated by the efficient DMUs). Additionally, which production protocols are on an optimum level has been clarified. This quantification of excess usage of resources can be utilized by farmers and, in a very short period of time, lead them to adjust their production process in such a way that leads to increased profitability without jeopardizing their yields. This is very important for such cultivations which are characterized by increased production costs and very high entrepreneurial risks. It is also known that glasshouse infrastructure is used for several cultivations. The four vegetables assessed in this study to a large extent require similar inputs. A successful entrepreneurial approach to these production activities requires the maximum utilization of them, as basic economic theory implies [53]. The DEA application provides all the necessary information to farmers about which cultivation and which production protocol utilizes in a relatively efficient way the inputs being consumed. This information provides evident incentives for successful decision making on land management, being applicable even during the following cultivating period. The most significant advantage of this methodological approach is that its non-parametric nature formulates operational road maps leading to increased profitability by simply following basic management principles [53].



These results also signify future research directives. Having identified considerable efficiency differences, and having in mind specific criteria for foodstuff selection, it is necessary this assessment be implemented for environmental and energy incentives. More specifically, it would be rather interesting to implement the same model with the inclusion as an undesirable output the GHG emissions of each production process. These findings will help both farmers and traders to diminish their carbon footprints. It has already been mentioned that energy costs have a great impact on the overall cost of production for vegetables being produced in glasshouses. The implementation of DEA, on a pure energy level, will provide quite important information about possible relative energy misuses, with the quantification of them leading to both operational and environmental improvement. This was not possible to assess in this analysis because the collection of data was made in an anonymous and non-spatial way. It would also be quite interesting to apply the life cycle assessment methodology to quantifying the energy balance, providing at the same time ways for reducing the environmental footprint and thus improving energy utilization, satisfying in this way a continuous consumer demand.




5. Conclusions


In this paper, Data Envelopment Analysis was employed in a sample of ninety-eight glasshouse agricultural holdings in southern Greece in the regions of Peloponnese and Crete. The implementation of DEA methodology for glasshouse vegetable production provided quite important and significant findings at the farm level, quantifying relative deficiencies. This approach verified the utility of DEA in providing directives for more successful operational protocols, advancing in this way their managerial skills and increasing their competitiveness as well. The close interrelationship of vegetable production with market forces creates a demanding framework for implementing innovative and reliable assessment models for both operational and environmental performance. This specific DEA model has verified its own utility, providing at the same time incentives for continuing its use in glasshouse farming monitoring and evaluation. A second insight concerns the land management of glasshouse vegetable production because glasshouse infrastructure is used for several cultivations. Based on the fact that the inputs used for producing every vegetable evaluated in this analysis are similar, DEA provides a simple way to calculate the efficiency of all cultivations and informs farmers about which cultivation utilizes in a relative efficient way the inputs being consumed. Additionally, this approach provides directives for improving the efficiency of land, one of the most important production factors in agriculture. This is also important for policy analysis when such results need to be generalized. Future research may explore whether and how DEA can be used in efficiency assessment of vegetables produced in glasshouses in northern regions of the country, where adverse weather conditions require advanced glasshouse infrastructure, as well as the environmental impact of such production processes.
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Figure 1. Place of research. Source: Own Elaboration. 






Figure 1. Place of research. Source: Own Elaboration.



[image: Land 08 00017 g001]







[image: Table]





Table 1. Glasshouse holdings’ structural characteristics in Peloponnese and Crete.
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	Acreage/Holding (Ha)
	(%) of Holdings
	Acreage Covered (Ha)





	<0.1
	16.3
	486.8



	0.1–0.2
	53.5
	1597.9



	0.21–0.3
	21.0
	627.2



	>0.3
	9.2
	274.8
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Table 2. Structural characteristics of the sample.






Table 2. Structural characteristics of the sample.





	Acreage/Holding (Ha)
	(%) of Holdings
	Acreage Covered (Ha)





	<0.1
	16.3
	2.77



	0.1–0.2
	53.5
	9.10



	0.21–0.3
	21.0
	3.57



	>0.3
	9.2
	1.56
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Table 3. Descriptive Statistics.






Table 3. Descriptive Statistics.
















	
	Area (Ha)
	Crop Protection (€)
	Fertilizers (€)
	Labor (Hrs/year)
	Energy (€)
	Plants (€)
	Other Costs (€)
	Turnover (€)





	Mean
	0.173
	751.27
	1278.36
	2595.19
	756.38
	973.31
	1070.25
	14,108.89



	SD
	0.117
	680.05
	1277.16
	2395.75
	1650.04
	736.61
	1030.17
	9164.96



	MIN
	0.025
	75.00
	160.00
	619.00
	12.00
	214.00
	83.88
	2459.42



	MAX
	0.6
	2823.50
	7052.36
	12,577.00
	7449.00
	3240.00
	6160.00
	41,669.54
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Table 4. Data Envelopment Analysis (DEA) Variable Return to Scale (VRS) results.
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	Decision Making Units (DMUs)





	Mean
	0.87



	SD
	0.20



	MIN
	0.32



	MAX
	1.00
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Table 5. Detailed DEA scores.






Table 5. Detailed DEA scores.





	DEA Score Range
	Number. of Holdings





	>0.9
	53



	0.8–0.9
	6



	0.7–0.79
	3



	0.6–0.69
	8



	0.5–0.59
	11



	0.4–0.49
	3



	0.3–0.39
	14
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Table 6. DEA VRS results per cultivation.






Table 6. DEA VRS results per cultivation.












	
	Cucumber
	Eggplant
	Pepper
	Tomato





	Mean
	0.86
	0.98
	0.95
	0.70



	SD
	0.17
	0.00
	0.14
	0.22



	MIN
	0.42
	0.98
	0.59
	0.32



	MAX
	1.00
	0.99
	1.00
	1.00
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