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Abstract: Plastic covering is used worldwide to protect crops against damaging growing 

conditions. This agricultural practice raises some controversial issues. While it significantly 

impacts on local economic vitality, plasticulture also shows several environmental affects. 

In the Apulia Region (Italy) the wide-spreading of artificial plastic coverings for vineyard 

protection has showed negative consequences on the hydrogeological balance of soils as 

well as on the visual quality of rural landscape. In order to monitor and manage this 

phenomenon, a detailed site mapping has become essential. In this study an efficient 

object-based classification procedure from Very High Spatial Resolution (VHSR) true 

color aerial data was developed on eight test areas located in the Ionian area of the Apulia 

Region in order to support the updating of the existing land use database aimed at plastic 

covered vineyard monitoring. 
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1. Introduction 

In some parts of the Mediterranean area, vineyards represent the largest agro-ecosystem and impact 

on income, employment and environment [1]. As a matter of fact, the Apulia Region (Italy) shows a 

considerably heterogeneous and fragmented agricultural landscape caused by several environmental 

and anthropic dynamics. In this area, despite representing an important source of support for local 

economy, agricultural practices are also one of the causes contributing to soil alteration phenomena [2]. 
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Tilman et al. provided a comprehensive review of the literature in the field of agricultural sustainability 

and intensive production practices [3].  

The term plasticulture [4] is used in literature to describe all kinds of plastic plant/soil coverings in 

agriculture practices. Such coverings range from plastic mulch film, row coverings, high and low 

tunnels (poly tunnels), to plastic greenhouses [5]. Considering the main agricultural activities typifying 

the study area, only vineyards covered with plastic sheets for advancing or postponing crop yield were 

included in this research (Figure 1(a)). 

Plastic covering may have a deep impact on soil and groundwater as a consequence of the wide 

surface impermeabilization altering the condition of surface watercourses which can affect both 

recharge and quality of groundwaters. This kind of coverage concentrates rainfall along vineyard 

borders and very narrow spaces between the strips, thus precluding soil wetting and water infiltration 

in most of the soil below, transforming almost all precipitation in run-off (Figure 1(b)). The 

consequences of wide plastic covers are worsened by the climate changes recorded within the Region 

over the last few years, featuring high intensity rainfalls [6]. Moreover, a widespread plastic-covered 

vineyard affects the environmental and aesthetic quality of rural landscape and natural ecosystem [7].  

Figure 1. (a) Typical plastic-covered vineyard in the Ionian area of the Apulia Region; 

(b) Floods effects on vineyards. 

 

(a)        (b) 

It is clear that agricultural practices should be adequately monitored, by quantifying land surface 

characteristics such as land cover type and extent, in order to avoid a confused and uncontrolled 

development of rural areas and all its negative consequences. Vegetation dynamics are a key factor in 

quantifying and interpreting the hydrological and erosional response of the land use/covers monitored [8].  

In compliancy with EU directive 2007/60/CE, in 2005 the Apulian Regional Basin Authority 

approved an Hydrogeological Setting Plan (PAI–Piano di Assetto Idrogeologico) identifying areas 

subject to major hydrogeological hazards—particularly those requiring safeguarding measures—and 

providing regulations and limitations for land use planning. In relation to flooding, the PAI analyses 

the main rivers within the basin and delimits areas where overflowing could be expected in case of 

high discharge events with different return times, ranking them by risk level (namely “Fasce Fluviali 

A, B, C” in Italian, from the highest to the lowest degree of hazard) Moreover, the Plan identifies 
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safeguard criteria including: strict compliancy to chemical limitations for plant treatment outlets 

directly or indirectly delivering into the river; control of all agricultural activities through the rigorous 

application of the “Good Agricultural Practice Code” aimed at reducing the use of fertilizers in the 

river watershed; enforcement of the hydraulic police for outlets control and elimination of illicit 

businesses; compliancy to the “Landscape Thematic Territorial Plan”, in terms of protection of fluvial 

areas’ natural conditions, and to the Minimum Instream Flow index, downstream of dams, as well as 

control of water drawing for all agricultural uses. As shown in Figure 2, in the PAI the Ionian coastal 

area was identified as one of the Apulian areas subject to hydrogeological hazards and requiring 

safeguarding measures for land use.  

Figure 2. Ionian coastal areas requiring safeguarding measures according to the 

Hydrogeological Setting Plan (PAI). 

 

Among the environmental analysis tools currently available, remote sensing techniques, applied for 

automatic detection and positioning of plastic-covered vineyards, allow for an accurate analysis that 
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may be helpful in the definition of suitable policies for planning and managing agricultural practices, 

rural environments and natural ecosystems.  

Our main research aim was to assess the accuracy of mapping plastic covered vineyards using an 

object-based approach based on the limited spectral resolution of true color aerial images. The 

potential reproducibility of the method was then verified by defining object features that could be used 

as reliable classification estimators if applied in similar territorial contexts. To such purpose, the areas 

under study were chosen in view of their similar land use patterns and topography compared to other 

rural areas of the Apulia region. 

For the above purposes, in this study an object-based approach on true color digital aerial data was 

developed to detect and accurately separate the plastic covered vineyard class from other prevailing 

classes in the study area. The object-based image analysis was implemented in the eCognition 

Developer 8.64.1 software [9]. One segmentation with scale factors and variations in shape and 

compactness weights empirically determined was carried out, selecting parameters which produced the 

highest classification accuracy. Next, an optimized combination of features producing the largest 

average minimum distance between the training samples of different classes was implemented for the 

classification. In order to provide a quantitative assessment of the proposed strategy, the error matrix 

was employed next on final results. Lastly, results were summarized statistically to analyze quantity 

disagreement and allocation disagreement. 

2. Plasticulture Extraction from Remote Imagery 

Mapping plasticulture presents a special challenge mainly due to the spectral characteristics and 

variety of the agricultural plastic covers being used. Castellano et al. [10] made a comprehensive 

analysis of the current state-of-the-art of the structural parameters characterizing protection covers, 

distinguishing type of material, type and dimensions of threads, texture, mesh size, porosity/solidity 

and weight, as well as radiometric properties like color, transmissivity/reflectivity/shading, physical 

properties like air permeability, and several mechanical characteristics such as tensile stress, strength, 

elongation at break and durability. The roofs are generally highly reflective and often cause saturation 

in the visible bands. As Liu and Mason [11] emphasized, in some cases where plastic sheeting is rather 

new the growing vegetation inside contributes to the overall reflectance of the greenhouse, while in 

other cases plastic roofs appear less reflective because they are curved rather than flat. 

Carvajal et al. [12] proposed a methodology to identify greenhouses from QuickBird multispectral 

imagery, based on an Artificial Neural Network algorithm. Arcidiacono et al. [13] developed a model 

to manage crop-shelter spatial expansion by GIS (Geographical Information System) analyses and an 

automatic image analysis procedure. Agüera et al. [14] focused on the automatic detection of 

greenhouse boundaries derived from classification results from QuickBird and IKONOS satellite 

sensors. Picuno et al. [15] analyzed rural land use by means of a pixel-based supervised classification 

of multi-temporal Landsat imagery, image processing, vectorialization and GIS analysis tools.  

Levin et al. [16] emphasized the need for hyperspectral technology, having identified three major 

absorption features of about 1,218 nm, 1,732 nm and 2,313 nm by means of a field spectrometer. The 

same authors [16] listed specific aspects characterizing plasticulture recognition, including: the 

need for high spatial resolution data due to the similarity of plastic covers to other man-made 
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structures; the changing spectral properties of covers due to their seasonal use and, as plastic sheets are  

semi-transparent, the changing reflectance of vegetation underneath them, which may also affect the 

spectral signal reaching the sensor; the presence of a multitude of plastic materials which may result in 

different spectral signatures indicating the same kind of land use.  

During the past decade, improvements in the resolution of satellite images have broadened their 

application in the fields of urban and rural planning, testing methods such as data fusion with aerial 

photos and digital terrain models (DTMs) and the integration of cartographic objects with GIS data. 

However, the high spatial resolution of aerial/satellite sensor data does not automatically lead to higher 

classification accuracy. This is due to the heterogeneity of objects within a scene which may lead to 

either misclassified pixels or unwanted details [17]. Even though human interpreters can naturally 

recognize complex patterns and individual land covers (e.g., single vineyards, bare soil parcels, 

orchards), traditional digital classification algorithms generally encounter serious problems, because 

they use spectral information (pixel values) alone while ignoring spatial information and groups of 

pixels that need to be considered together as a sole object [18,19]. The ability to model contextual 

information, including shape, textural and topological relationships among groups of pixels depending 

on how the object of interest may be affected by its neighbours, may reduce confusion in the 

classification process [20]. In many cases, image analysis leads to meaningful objects only when the 

image is segmented into ‘homogenous’ areas [21]. Therefore, Object Oriented Image Analysis (OBIA) 

is expected to extract real world objects with not only high classification accuracy but also proper 

shaping, which is difficult to accomplish using common Pixel Based Classification (PBC) [22]. The 

user-selected scale factor determines the size of each image object, whereas the parameters of shape 

and compactness determine the extent of spectral heterogeneity and textural characteristics. On such 

assumptions, OBIA is able to distinguish transformations from natural to rural land use on the basis of 

differences in spatial distribution and pattern of land cover forms [23]. Numerous empirical studies in many 

application fields [24–26] have provided sufficient evidence on the advantages of OBIA over PBC [27] but 

no significant research has been performed to evaluate the use of OBIA in mapping plasticulture. 

3. Methodology 

3.1. Study Area and Data 

The study area is located within the municipalities of Ginosa, Castellaneta and Palagianello at about 

20 km North West from Taranto in the Apulia Region in Southern Italy. The territory shows various 

landscapes mainly constituted by Karst and rich soil with moderate hills (“Murgia Tarantina”) ranging 

from 110 to 480 m in altitude alternated with flat territory close to the Ionian Sea. The Mediterranean 

semi-arid climate (annual mean air temperature 16.28 °C, total annual precipitation 555 mm), 

characterized by hot and dry summers and moderately cold and rainy winter seasons, facilitates 

agriculture as the main productive activity. Vineyards, citruses, olives, stone fruits and summer 

vegetables are the most diffused cultivations in this area.  

To obtain an efficient identification of plastic covered vineyard types widespread within the Ionian 

coast, eight 4-km
2 
areas including the most common types of plastic sheets covers (objects with regular 

shapes, various sizes and heterogeneous materials of roofs with close vegetation) were studied 
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(Figure 3). In order to examine the transferability of the method from one data set to another, the test 

sites were deliberately chosen in view of their similar land use patterns and topography compared to 

other rural areas of the Apulia region (as for example the territory of Rutigliano, South from Bari).  

Figure 3. The 8 study areas with the widespread use of plastic sheet vineyards (grey/silver) 

as shown by the true-color aerial data.  

 

The analysis was conducted on digital true color aerial data characterized by a Ground Sample 

Distance (GSD) of 20 cm. Data were recorded on 18 August 2006 using an Intergraph®’s Z/I 

Imaging® Digital Mapping Camera (DMC®) Z. A detailed description of the sensor may be found in 

Hinz et al. [28]. The imagery was orthorectified according to the WGS 84/UTM Zone 33N Coordinate 

Reference System (Table 1) and provided by the regional cartographic office of Apulia. The very high 

spatial resolution RGB imagery on which the proposed approach was based allowed an explicit 

distinction of rural patterns, simulating the working processes of rapid map production. Moreover, the 

acquisition date of the imagery processed in this work allowed to evaluate the potential of such historic 

data and their suitability to before- or after-flooding monitoring. National coverage true color aerial 

digital data sets with excellent spatial detail are routinely produced, such as every one or two years, for 
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many countries [29]. In multi-temporal analysis they can also be compared with scanned historic aerial 

photography data for assessing and predicting change based on long-term trends [30]. Moreover, such 

data were also chosen to facilitate possible change detection analysis with comparable very high 

spatial resolution satellite (VHSR) data, with the intent of identifying the potential spread of the 

agricultural practice under study. 

Table 1. Centroid Coordinates of the 8 study area (WGS 1984-UTM Zone 33N Reference System). 

ID Study Area ID Frame EST NORD 

A B047_30 660679 4484457 

B B046_24 656189 4487862 

C B049_24 657840 4487862 

D B049_27 663339 4487990 

E B049_37 666638 4488074 

F B049_43 663267 4491482 

G B058_38 667646 4493305 

H B049_45 656867 4482635 

Vector data, i.e., 30 training samples (5 for each class) and 120 ground truth samples (20 for each 

class), were derived for each single image scene by means of visual interpretation based on the 2006 

Topographic Map (scale of 1:5,000) which includes detailed land use information available in 

shapefile format and on site documentation collected in April and July 2011. 

3.2. Image Segmentation  

Image segmentation allows to separate the image into homogeneous areas that may be aggregated to 

generate meaningful image object primitives with homogeneous color or spectral behaviour, similar 

texture and shape [31], serving as best information for further classification or subsequent 

segmentation processes. Due to the geometric regularity of vineyard parcels (mainly rectangular) in the 

study area and in order to obtain optimal raw material for image analysis, the following aims were 

defined at the first phase of the procedure: 

- The segmentation procedure should produce highly homogeneous segments for the visual 

separation and representation of image regions;  

- Since objects are typically represented on different scales in an image simultaneously, the 

extraction of meaningful image objects should take into account the scale of the problem to be 

solved [32]. 

The choice of parameters are dependent on the type of data, study area and land cover, which gives 

the segmentation black box characteristics [33]. While this segmentation algorithm allows multiple 

user defined scales within a relational object hierarchy, only one scale parameter was selected for this 

research, because we mainly focused on spatial and spectral content of plasticulture land cover. 

The preliminary analysis was conducted by visual inspection, which is a common practice in 

segmentation parameter selection [22,34]. The higher number of scale (e.g., 300) generates larger 

homogeneous objects (similar to a smaller cartographic or mapping scale), whereas the smaller number 

of scale (e.g., 100) will lead to smaller objects (larger scale). This is a spatially aggregated scale (more 
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similar pixels or bigger objects vs. less similar pixels or smaller objects). The decision on the level of 

scale depends on the size of object required to achieve the goal [35].  

For these purposes, three different scales (100, 200 and 300) of image segmentation were tested 

(Figure 4). The following values were consequently established to be appropriate for the best 

extraction of vineyard object primitives: 

ψscale = 300 

wshape = 0.5 

wcompactness = 0.8 

Figure 4. Examples of segmentation results on a subset data belonging to study area F with 

Scale parameters of 100, 200 and 300. 

 

The shape parameter wshape was set to 0.5 to balance shape and spectrally homogeneous pixels 

equally for image segmentation. The compactness parameter wcompactness was set at 0.8 to pay more 

attention to object compactness and less to smoothness. 

As shown in Figure 4, with these parameters the segmentation results well fitted the information 

class extraction, identifying vineyard edges with good precision. 

3.3. Classification Procedure 

In order to identify the best parameters useful for classification the eCognition software provides a 

data mining functionality called Feature Space Optimization (FSO). This tool is an algorithm that 

compares the features of the selected classes finding the combination of features that produces the 

largest average minimum distance between the training samples of different classes [9]. In this paper, 

the term “feature” describes spectral (image bands, band ratios), geometrical (area, compactness, etc.), 

contextual (difference to neighbor), and textural properties in an OBIA context [36]. For the samples, 

object statistics of the optimized feature space are calculated, which are then used for classifying all 

image objects based on their nearest sample neighbours (Nearest Neighbour (NN) classification). In 

this case the same set of features is applied to all classes (Standard Nearest Neighbour). As in data 

mining techniques, no correlation is assumed between the input variables. Also, the more the number 

of variables used, the longer the processing time required for data mining [31].  

After segmenting the image into primitive objects, six classes were created: bare soil, orchard, 

vegetables, plastic sheet vineyard, hail net vineyard, uncovered vineyard. Five training samples for 

each class uniformly distributed on the aerial data were collected.  
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In the first phase of the study we explored spectral, geometrical and textural image data 

characteristics. Such analysis is functional to the preliminary selection of the most representative 

features based on the layer values in the Nearest Neighbor Feature Space. 

Useful spectral information on vegetation can be obtained from the RGB images by means of image 

transformations and band ratios [37,38]. In the first step, to verify whether spectral information based 

on a single pixel alone is effective in rural areas with widespread plastic covered vineyards, we used 

spectra of the six selected classes from ten randomly selected target points (mean DN values of the 

selected classes in all three RGB bands) to check they could be accurately discriminated.  

The target materials of the six classes that we selected were the same as the original land-cover 

categories used in the object-based classification. Figure 5 shows preliminary spectral analysis 

executed on 10 random target points taken for each rural land-cover class in the study area. We 

observed that there were some spectra overlaps among the selected classes, mainly due to surfaces 

covered by vegetation (orchards, vegetables, uncovered vineyards).  

Figure 5. Spectral profiles based on the Red, Green and Blue bands of 10 random target 

points. Each line represents a random point for the respective rural land-cover classes used 

in the object-based classification. 

 

Previous studies [16] found that the best spectral feature for plastic mapping is around 1,732 nm as 

it does not coincide with spectral features of other materials like minerals, soils, vegetation, etc. In our 

case, lacking near or medium infrared information and aiming at fully benefiting from available data 

spectral capabilities, the Visible Atmospherically Resistant Index (VARI) [39] was found as best 

representative to discriminate vegetation classes from plastic sheet ones among indices entirely based 

on the visible part of the spectrum:  

)Re/()Re( BluedGreendGreenVARI   
(1) 

Based on the work of Kaufman and Tanre [40] and in contrast to the Normalized Difference 

Vegetation Index (NDVI) [41], which is sensitive to changes for small vegetation fractions and 

insensitive to changes for moderate and high vegetation fractions, the VARI shows a linear response to 

vegetation fractioning throughout the entire range with an estimated error of less than 1. 
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We started the analysis based on FSO including 20 features, emphasizing the spectral, shape and 

texture components of objects within the 8 test areas. For this purpose, a subset of samples (3 objects 

for class) was collected in order to be used in the FSO procedure. Finally, the above data mining 

system selected the following features as the most suitable for separating classes during the 

classification stage: VARI, Ratio Layer 3, StdDev. Layer 2, StdDev. Layer 3, GLCM Ang. 2nd moment 

Layer 1, Density, Rectangular fit [9]. In general few features with maximum separability are sufficient 

for classification, especially if the classification model is to be applied to other image data. For 

transferability purposes, it is wise to keep the number of features low [42] without the creation of rules 

strictly related to a single test area within a specific territorial context by means of rigid thresholds.  

4. Results  

The features selected with the FSO tool are shown in Table 2. Overall, spectral features are more 

likely to be selected than geometric or textural features. Figure 6 shows the classification results for the 

eight scenes. 

The accuracy assessment of classification results was performed using reference mask images created 

from visual interpretation and on site documentation. Ground truth locations (20 sample objects for each 

class, out of all 120 land-cover polygons for each image scene) were randomly covered deriving 

information by means of visual interpretation based on the 2006 Topographic Map (scale of 1:5,000) 

provided by the regional cartographic office of Apulia and on site documentation collected in April and 

July 2011. According to the information gathered from local growers, the agricultural practice of 

plasticulture did not change between the aerial data acquisition and the on-site surveys. 

Table 2. Features resulted using the Feature Space Optimization (FSO) procedure from 20 

input features related to the spectral, shape and texture components of objects within the 8 

test areas. 

Features Description 

Computed features 

based on spectral 

information 

VARI )Re/()Re( BluedGreendGreen   

Spectral information 

Ratio Layer 3 (Red) Amount of the image layer 3 contribution to the total brightness. 

StdDev. Layer 2 (Green) 
Calculated from the image layer 2 intensity values of all pixel 

forming an image object. 

StdDev. Layer 3 (Red) 
Calculated from the image layer 3 intensity values of all pixel 

forming an image object. 

Texure (after 

Haralick) 

GLCM Ang. 2nd 

moment Layer1 (Blue) 
       

    
       

• i is the row number 

• j is the column number 

• Pi, j is the normalized value in the cell i, j 

 • N is the number of rows or columns 

Generic shape 

features 

Density 
Number of pixels forming the image object divided by its 

approximated radius, based on the covariance matrix. 

Rectangular fit 
Ratio of the area inside the fitting equi-areal rectangle divided by 

the area of the object outside the rectangle. 
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Figure 6. Classification results based on 7 features with maximum separation distance of 

1.06 within the FSO tool. 

 

The error matrix based on objects describing the patterns of mapped classes for the reference data 

was generated to compare reference information with the 8 classified maps [43]. Table 3 summarizes 

results related to User’s and Producer’s accuracies for each class of the classification carried out 

through the FSO tool. 

The total accuracy of the classification implemented through Standard Nearest Neighbour classifier 

with features selected through separability analysis was 90.25%. The plastic sheet vineyard class (here 

in boldface) was found to have the best classification results. 
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Table 3. User’s (U) and Producer’s (P) accuracies of land cover classification based on the 

Standard Nearest Neighbour classifier with features selected through separability analysis 

(Feature Space Optimization). 

Classification for each  

study area 

Reference 

A B C D E F G H 

U 

 (%) 

P 

 (%) 

U 

 (%) 

P 

 (%) 

U 

 (%) 

P 

 (%) 

U 

 (%) 

P 

 (%) 

U 

 (%) 

P 

 (%) 

U 

 (%) 

P 

 (%) 

U 

 (%) 

P 

 (%) 

U 

 (%) 

P 

 (%) 

Bare soil 80 88 70 100 95 90 80 100 85 77 100 80 85 90 85 77 

Orchard 80 100 85 100 85 100 90 95 90 95 80 100 90 100 80 80 

Vegetables 85 70 100 80 80 88 90 86 85 91 85 100 100 100 70 74 

Plastic sheet vineyard 90 100 100 95 100 95 100 100 100 91 90 100 100 83 90 90 

Hail net vineyard 100 90 95 100 95 95 100 100 90 100 100 91 80 100 90 90 

Uncovered vineyard 100 90 100 83 95 83 95 79 75 75 100 91 90 90 75 79 

Overall Accuracy (%)  89 92 93 93 88 93 91 83 

Total Accuracy (%) = 90.25 

Results were subsequently summarized statistically to analyse quantity disagreement and allocation 

disagreement [43]. 

Quantity disagreement is the amount of the difference between the reference information and a map 

that is due to the less perfect match in the proportions of the categories. The remaining disagreement is 

allocation disagreement [43]. Figures 7 shows agreement, omission disagreement and commission 

disagreement by object category summarizing the results obtained for each of the 8 maps. 

Figure 7. Total disagreement between the reference data objects (960 polygons) and the 8 

classified maps. 
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Agreement for category X is where both the reference information and the map indicate category X. 

Omission disagreement for category X is where the reference information indicates category X, while 

the map shows a different category. Commission disagreement for category X is where the map shows 

category X, but the reference information indicates a different category. Consequently, omission for 

one category is commission for a different category. If the commission disagreement is greater than the 

omission disagreement for a particular category, the mapped points show more of that category than 

the reference points. In this case in all the 8 maps the quantity of orchard was overestimated. Plastic 

sheet vineyard and hail net vineyard showed the best results among the classes. 

The method presented in this study only showed some limitations in terms of under-segmented 

plots, misclassified objects and missing detections [43].  

Cases of under-segmentation, which consists in grouping neighbourhood pixels belonging to 

different plots with very similar characteristics, can be considered as a side effect of generally poor 

accuracy in plot edge definition. This poor accuracy is inherent to any segmentation method. For this 

reason, further research using a different segmentation algorithm or a combination of subsequent 

segmentation algorithms may give better classification results. An alternative solution could be based 

on individual plastic-covered vineyard analysis to overcome the poor accuracy of plot edge shaping, 

although such approach would lose in quickness in the analysis of wide areas.  

Cases of misclassified objects are more problematic for two kinds of reasons. The transparency of 

some plastic sheets causes confusion between green areas and plastic-covered vineyards. In some cases 

it was not possible to find any features that would perform a clear distinction between plastic sheet 

vineyards and hail net vineyards. Thus, for misclassified objects and also to solve the vineyards 

missing detection problem, the use of a combination of contemporary images from different sources 

could be a further step in improving information extraction.  

There are a number of different types of plastic sheets used for covering vineyards available to suit 

different situations and agricultural requirements. In order to evaluate the effects of artificial coverings 

on rainfall infiltration changing, further studying based on the identification of the various materials 

used in vineyard covering through remotely-sensed images seems necessary. 

Finally, Feature Space Optimization requires training samples for land use classification, thus prior 

area knowledge is necessary. The lack of local knowledge or the inability to perform surveys can be a 

significant limitation to the method. 

5. Conclusions 

In this paper an object-based classification based on a stepwise approach was proposed.  

In order to examine the transferability of the method from one data set to another, the 8 test sites in 

this study were chosen in view of their similar land use patterns and topography compared to other 

rural areas of the Apulia region. The method ensures spatial-temporal reproducibility and offers a 

significant advantage in using largely available image datasets.  

The method proved its efficiency in mapping areas with widespread plastic-covered vineyards 

showing an overall accuracy of 90.25% Best classification results were found on the eight study areas 

for the plastic sheet vineyard class both in term of User’s-Producer’s accuracies and agreement 

between the reference data objects and the classified maps. 
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Based on the above results, it can be safely concluded that the employment of the Feature Space 

Optimization tool provided the best features combination, based on training samples, for land cover 

classification and plastic-covered vineyards extraction, without setting thresholds. Thanks to the 

object-oriented approach and thorough a preliminary segmentation process, vineyards are directly 

available in a polygonal form. Moreover, potentially vulnerable areas suffering from the impact of the 

agro-ecosystem natural cycles produced by large plastic coverings can also be readily and critically 

analysed through GIS. 

Future work should focus on testing the transferability of the proposed rule-set in different 

Mediterranean study sites, in order to draw further conclusions on its potential operational use.  
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