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ABSTRACT: 
 
The present study is focusing on the development and evaluation of advanced remote sensing algorithms and techniques for precision                                     
viticulture applications. The exploitation of the recent high spatial resolution satellite data is still an open matter for precision                                     
agriculture applications and the actual scale and mapping limits have to be investigated and validated. To this end, concurrent satellite                                       
and field campaigns over two study areas were scheduled. The acquired multi­modal data included: high­resolution multispectral                               
WorldView­2 imagery (400nm­1040nm, 8 spectral bands), hyperspectral data from a portable spectroradiometer (GER 1500, Spectra                             
Vista Corporation, 350­1050nm, 512 spectral bands) and GPS data (Trimble Spectra Epoch 25 L1/L2 RTK GPS). The main goal was                                       
to answer certain current and critical technological questions: Where are the vineyards in the satellite data and with what accuracy can                                         
we detect them? If we concentrate only in the vineyards can we discriminate the different varieties and with what accuracy? How we                                           
can exploit the spectral information of raw and fused satellite data in order to produce cartographic maps in GIS environments that                                         
will help grape growers and winemakers? Which indices are the crucial ones? The performed qualitative and quantitative evaluation                                   
indicated the potential of advanced remote sensing approaches. 
 
 
 

1. INTRODUCTION 

The significant technological advances, over the last decade, concerning the progress and development of advanced remote sensing                                 
sensors, have allowed the analysis and monitoring of crops through remote sensing, in large spatial scales. Recent high resolution                                     
satellite data, like Worldview­2 data, provide a spatial resolution of about 50cm and eight (8) multispectral bands while they are                                       
cost­efficient when compared to airborne surveys. 
Regarding vine variety discrimination so far the research efforts are not numerous. Lacar et al. in 2001 did experiments employing two                                         
(2) vine varieties using hyperspectral CASI (Compact Airborne Spectrographic Imager) imagery over a vineyard in the Barossa                                 
Valley, South Australia. Image strips were acquired over the vineyard at 1m spatial resolution using 12 bands. Maximum likelihood                                     
classification was employed and the discrimination results were successful with 91.5% of vine rows correctly classified.                               
Ferreiro­Armán et al. in 2006 used hyperspectral CASI data, at 3m spatial resolution and using 144 bands, for the discrimination of                                         
vine varieties in hyperspectral images in the Domain Château Luchey­Halde (Bordeaux, France). The performance of various                               
classification techniques was assessed in order to discriminate between two (2) vine varieties.  
Regarding the estimation of vine properties and grape/must wine quality Johnson et al. (2003) used IKONOS satellite images to                                     
estimate LAI (Leaf Area Index). Concurrently with the image acquisition, field measurements of LAI were carried out. The                                   
relationship between these measurements and NDVI maps, calculated through IKONOS R and IR bands, was studied. The above                                   
resulted in a proposed predictive relationship for LAI using NDVI, for IKONOS imagery. Meggio et al. (2010) studied the                                     
relationships of 14 indices, with grapevine structural parameters and must parameters. The data used was collected over two years                                     
through the Airborne Hyperspectral Sensor (AHS, Argon ST Inc., USA). Also, concurrent field work campaigns were carried out to                                     
collect leaves and berries which were subjected to laboratory analyses. 
Towards this direction, the present study focuses on the development and evaluation of advanced remote sensing techniques for                                   
precision viticulture. Multispectral satellite data along with simultaneous field surveys provided the opportunity for vineyard                             
mapping and monitoring at parcel, row and even plant scale/level. The acquired multi­modal data included: high­resolution                               
multispectral WorldView­2 imagery (400nm­1040nm, 8 spectral bands), hyperspectral data from a portable spectroradiometer (GER                           
1500, Spectra Vista Corporation, 350­1050nm, 512 spectral bands) and GPS data (Trimble Spectra Epoch 25 L1/L2 RTK GPS). The                                     
simultaneous satellite and field campaigns took place over two study areas (approximately 600ha) in the regions of Aigio and                                     
Atalanti, Greece. Data pre­processing included georeferencing, radiometric corrections, atmospheric corrections and image                       
fusion/pan­sharpening. From the hyperspectral ground data derived the spectral signatures (350nm ­ 1050nm) for 25 different                               
varieties of the study areas. Moreover, the object­based image analysis (OBIA) framework was employed in order to develop and                                     
evaluate a classification procedure which at first detected the vineyard parcels in the satellite imagery and secondly discriminated up                                     
to seven (7) different vine varieties through supervised classification. 
Furthermore, a number of vegetation indices were computed based on the fused satellite data. The calculated indices belonged to the                                       
following five general categories: Vegetation, Chlorophyll, Carotenoids, Carotenoid to Chlorophyll Ratio, Anthocyanins.                       
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Additionally, the green LAI (Leaf Area Index) was computed through a linear relation with the NDVI. Also, the maturity index                                       
IMAD and the color intensity index CIRG were calculated through a linear relation with the Gitelson Car2 index. 
 

1.1 Materials and methods 
Study Areas 
For the purposes of this study, data acquisition campaigns were carried out at two study areas in Greece. 
The study area of Trapeza, is located in Northern Peloponnese, inside the P.G.I. zone “Plagies Aigialeias”. The vineyards cover an                                       
area of about 200ha and are situated in a plateau at an altitude of about 800m. The vine varieties in the area are eight. Of those, the                                                     
most important for winemaking, are Syrah and Sauvignon Blanc. 
The study area of Megaplatanos is located in Central Greece, inside the P.G.I. zone “Koilada Atalantis”. The altitude is at about 60m                                           
above sea level and the vineyards cover an area of about 350ha. Of the 20 different vine varieties present in the area, up to 17 were                                                   
studied. The most prominent, as far as winemaking is concerned, are Chardonnay, Robola and Cabernet Sauvignon. 

Data Acquisition 
The data acquisition campaigns took place in late July, during veraison. Satellite imagery was acquired through WorldView­2, on July                                     
28­30. The spatial resolution of the images is 0,5m for the panchromatic band, and 2m for the 8 multispectral bands. WV2 possesses                                           
four extra bands, apart from the usual RGB and IR, allowing the computation of a wide variety of indices.  
Concurrently with the image acquisition, field work was carried out in both study areas. The radiance of the different vine variety                                         
canopies was measured using a spectroradiometer (GER 1500, Spectra Vista Corporation), which has 512 spectral bands distributed                                 
in the spectral region from 350nm to 1050nm. Also, radiance readings were acquired for other vegetation, soil, and structures present                                       
in the two areas. For ortho­rectifying the satellite data, GPS measurements were carried out using a Trimble Spectra Epoch 25 L1/L2                                         
RTK GPS. 
 

2. METHODOLOGY 

2.1 Vineyard Detection and Vine Variety Discrimination 
The object­based image analysis (OBIA) framework based on supervised classification was employed in order to detect the vineyard                                   
parcels in the satellite imagery and also discriminate between the different vine varieties. The detection of vineyards was performed                                     
based on a fuzzy logic approach under an OBIA classification scheme and applied on both multi and fused datasets. The developed                                         
approach consisted of ten (10) basic rules of spectral (e.g. MSAVI index, mean NIR1 band, mean Red­Edge band), geometric (e.g.                                       
Area, Compactness) and texture features (e.g. GLCM Dissimilarity, GLCM Std. Deviation). Moreover, for the discrimination of vine                                 
varieties a supervised classification procedure based on the Nearest Neighbor (NN) algorithm was developed and employed on the                                   
multi datasets. The basic features considered for the feature space of NN were spectral and mainly band ratios (e.g. [mean NIR1                                         
band/mean Blue band] ratio, [mean NIR2 band/mean Red band] ratio). Training regions were defined by selecting objects of known                                     
varieties as samples. Over the two study areas more than ten (10) vine varieties existed and therefore different combinations, from                                       
three (3) up to seven (7) different varieties, were taken as an input during the classification procedure. 

 



 

 
Figure 1: �9�L�Q�H�\�D�U�G�' �H�W�H�F�W�L�R�Q�5�H�V�X�O�W�V�� �7�K�H�F�O�D�V�V�L�I�L�F�D�W�L�R�Q  �� �� �� �� �� ��
�R�X�W�S�X�W���W�R�S�� �I�R�U�W�K�H�I�X�V�H�G�V�D�W�H�O�O�L�W�H�G�D�W�D���D�W�7�U�D�S�H�]�D���$�L�J�L�R������ �� �� �� �� �� �� �� �� ��
�7�K�H�T�X�D�Q�W�L�W�D�W�L�Y�H�H�Y�D�O�X�D�W�L�R�Q�U�H�S�R�U�W�H�G�G�H�W�H�F�W�L�R�Q�F�R�P�S�O�H�W�H�Q�H�V�V�� �� �� �� �� ��
�D�W������ �D�Q�G�G�H�W�H�F�W�L�R�Q�F�R�U�U�H�F�W�Q�H�V�V�D�W������ ���7�K�H�*�U�R�X�Q�G�W�U�X�W�K�� �� �� �� �� �� �� �� �� ��
�G�D�W�D���E�R�W�W�R�P�� �Z�L�W�K �W�K�H�H�[�D�F�W�Y�L�Q�H�\�D�U�G�V�S�R�V�L�W�L�R�Q�D�U�H�D�O�V�R�� �� �� �� �� �� �� �� ��
�V�K�R�Z�Q���,�Q�W�K�H�F�O�D�V�V�L�I�L�H�G�L�P�D�J�H���J�U�H�H�Q�L�V�I�R�U�Y�L�Q�H�\�D�U�G�V���\�H�O�O�R�Z  �� �� �� �� �� �� �� �� ��
�I�R�U���W�K�H���R�W�K�H�U���W�\�S�H�V���R�I���Y�H�J�H�W�D�W�L�R�Q���F�U�R�S�V���D�Q�G���J�U�H�\���I�R�U���W�K�H���U�H�V�W����

 

2.2 Estimation of Vine Properties and Grape Quality Characteristics 
A total of 29 indices were computed belonging to the following five categories: Vegetation (NDVI, SAVI, MCARI, TVI, etc.),                                     
Chlorophyll (Gitelson Chl1­2, etc.), Carotenoids (Gitelson Car1­2, etc.), Carotenoid to Chlorophyll Ratio (SIPI, NPCI, SRPI),                             
Anthocyanins (Gamon Anth, etc.).  
Using the above indices, estimations for vine properties and grape/must/wine quality characteristics were made according to the                                 
proposed relationships and predictive equations between indices and quality characteristics (Gitelson et al., 2006; Gamon & Surfus,                                 
1999; Meggio et al., 2010; Johnson et al., 2003; Gil­Perez et al. 2010). 
At the canopy level, the vine properties estimated were vigor, leaf area index (LAI) and chlorophyll/carotenoids/anthocyanins                               
concentrations. The grape/must/wine quality characteristics estimated were oBRIX, pH, Maturity (ovol/TA), Total Polyphenols and                           
Color Intensity. 
 
 
 

3. EXPIREMENTAL RESULTS AND EVALUATION 

3.1 Vineyard Detection and Vine Variety Discrimination 
The methodology and the results of the vineyard detection were evaluated qualitatively and quantitatively using ground truth data and                                     
standard quantitative measures of Completeness and Correctness (Wiedemann et al.,1998). In both areas the detection of the                                 
vineyards was evaluated at the pixel level for the multi and raw datasets (Figure 1) and reached high levels of completeness (>86%)                                           
and Correctness (>81%). 
 

 



 

 
Figure 2: �9�L�Q�H �9�D�U�L�H�W�\ �' �L�V�F�U�L�P�L�Q�D�W�L�R�Q �5�H�V�X�O�W�V�� �7�K�H  �� �� �� �� �� ��
�F�O�D�V�V�L�I�L�F�D�W�L�R�Q�R�X�W�S�X�W���W�R�S�� �I�R�U�W�K�H�H�[�W�U�D�F�W�L�R�Q�R�I �H�D�F�K�Y�D�U�L�H�W�\�� �� �� �� �� �� �� �� ��
���D�W�0�H�J�D�S�O�D�W�D�Q�R�V�� �$�W�D�O�D�Q�W�L�� �Z�K�H�Q �W�K�H �W�D�V�N �Z�D�V �W�R�� �� �� �� �� �� �� ��
�G�L�V�F�U�L�P�L�Q�D�W�H �W�K�U�H�H ������ �G�L�I�I�H�U�H�Q�W�Y�D�U�L�H�W�L�H�V ���L���H�� �&�D�E�H�U�Q�H�W�� �� �� �� ��   ��
�6�D�X�Y�L�J�Q�R�Q�� �0�H�U�O�R�W�D�Q�G�6�\�U�D�K���� �7�K�H�T�X�D�Q�W�L�W�D�W�L�Y�H�H�Y�D�O�X�D�W�L�R�Q�� �� �� �� �� �� ��
�U�H�V�X�O�W�V�L�Q�G�L�F�D�W�H�G�W�K�H�I�R�O�O�R�Z�L�Q�J�F�R�P�S�O�H�W�H�Q�H�V�V�O�H�Y�H�O�V���&�D�E�H�U�Q�H�W�� �� �� �� �� �� ��
�6�D�X�Y�L�J�Q�R�Q�������� �����0�H�U�O�R�W�������� ���D�Q�G���6�\�U�D�K�������� ����

 
The classification results for the vine variety discrimination (Figure 2) were also evaluated at pixel level using ground truth data and                                         
the standard quantitative measure of completeness. Experimental results indicated that in cases where the task was to discriminate                                   
three (3) different varieties (e.g. Syrah, Merlot, Chardonnay), the overall classification accuracy reached 86%. In cases with five (5)                                     
different varieties (e.g. Syrah, Merlot, Riesling and two different clones of Sauvignon Blanc) the overall classification accuracy was                                   
about 80%. In cases with seven (7) different varieties the overall classification accuracy reached 60%. 
 
 
 
 



 

Figure 3: �/�H�D�I�$�U�H�D�,�Q�G�H�[ �I�R�U�W�K�H�Y�L�Q�H�\�D�U�G�V�L�Q�W�K�H�7�U�D�S�H�]�D  �� �� �� �� �� �� �� �� �� ��
�U�H�J�L�R�Q�� �/�$�, �Z�D�V �F�D�O�F�X�O�D�W�H�G �E�D�V�H�G �R�Q �W�K�U�H�H �G�L�I�I�H�U�H�Q�W�� �� �� �� �� �� �� ��
�Y�H�J�H�W�D�W�L�R�Q�L�Q�G�L�F�H�V�� �%�D�V�H�G�R�Q�W�K�H�O�L�Q�H�D�U�U�H�O�D�W�L�R�Q�V�K�L�S�E�H�W�Z�H�H�Q�� �� �� �� �� �� �� ��
�/�$�, �D�Q�G�1�' �9�, ���W�R�S�� �D�V�S�U�R�S�R�V�H�G�E�\ �-�R�K�Q�V�R�Q�H�W�D�O������������������ �� �� �� �� �� �� �� �� �� ��
�E�D�V�H�G�R�Q�W�K�H�7�9�, ���P�L�G�G�O�H�� �D�Q�G�0�7�9�,�� ���E�R�W�W�R�P���D�V�S�U�R�S�R�V�H�G�� �� �� �� �� �� �� �� �� ��
�E�\���+�D�E�R�X�G�D�Q�H���H�W���D�O������������������

3.2 Estimation of Vine Properties and Grape Quality Characteristics 
The estimations made refer to relative levels for the corresponding vine properties and quality characteristics. The results presented                                   
here are maps of those relative levels. 
In meetings with the winegrowers and winemakers of the two areas, the estimations proved to be highly correlated with the                                       
management strategies followed for selective harvesting in the areas. In addition, the estimations which drew the most attention were                                     
a) maps of Leaf Area Index (LAI), as indicators of vine capacity (Fig.3) and b) maps of ovol/TA as indicators of the relative maturity                                               
levels (Fig. 4). 
During veraison, the leaf area calculated by LAI is directly related to the quantitative aspect of capacity. Thus, larger LAI means more                                           
yield. In our areas, there were no vineyards with too high LAI, so yield and wine quality were linearly correlated. In Figure 3, maps of                                                 
the relative LAI levels for the vineyards in Trapeza are presented. Their calculation was based on the linear relationships between                                       
LAI and NDVI (Fig.3 top) as proposed by Johnson et al. (2003), between LAI and TVI (Fig.3 middle) and between LAI and MTVI2                                             
(Fig.3 bottom) as proposed by Haboudane et al. (2004).  
In general, from areas with high LAI values was produced higher quality vintage wine. From areas with lower LAI values, the wine                                           
produced did not have that much aging potential. For example, in Figure 3, a concentration of high LAI values was observed for two                                             
Syrah parcels, on the top right side of the image. These two were used by the winemakers to produce high quality vintage wine. The                                               
rest of the Syrah vineyards in the area, situated on the bottom left side, were used to make fresh rose wine and bulk wine, without                                                 
much aging potential. 
The ratio ovol / Total Acidity is an indicator of maturity (Figure 4, calculated for the Trapeza region). The per­variety analysis of                                           
relative maturity levels, showed that the estimated selective harvesting sequence had high correlation with the actual harvesting                                 
process followed by the wineries. For example, in parcels which could be clearly separated into two distinct estimated maturity                                     
zones, the temporal strategy of the winemakers was to harvest them at a different time within the harvesting season.  
 

 

Figure 4: �0�D�S�V �R�I �5�H�O�D�W�L�Y�H �0�D�W�X�U�L�W�\ �/�H�Y�H�O�V�� �F�D�O�F�X�O�D�W�H�G  �� �� �� �� �� �� ��
�W�K�U�R�X�J�K �W�K�H �O�L�Q�H�D�U �U�H�O�D�W�L�R�Q�V�K�L�S �E�H�W�Z�H�H�Q �R�Y�R�O���7�$ �D�Q�G�� �� �� �� �� �� ��
�*�L�W�H�O�V�R�Q���&�D�U�����S�U�R�S�R�V�H�G���E�\���0�H�J�J�L�R���H�W���D�O��������������������

4. CONCLUSION AND FUTURE WORK 

The experimental results along with the performed qualitative and quantitative evaluation appear promising. The use of high                                 
resolution satellite data and classification was successful both for vineyard detection and vine variety discrimination. 
The produced maps were associated with ground truth data while different zones with homogeneous quality characteristics were                                 
created for temporal and spatial determination of selective harvesting. 



 

The results of both quantitative and qualitative evaluation highlighted the high correlation between the remote sensing maps/ products                                   
and the quality of the grape/must, but also that the final decisions made by winegrowers and winemakers were in accordance to the                                           
produced satellite map estimations.  
In conclusion, the proposed methodology suggests that the combination of advanced remote sensing, multispectral satellite imagery                               
with high spatial resolution and ground measurements allows the prompt and highly­precise surveillance and monitoring of vineyards,                                 
by providing important information on key quantitative and qualitative characteristics. The produced remote sensing maps were                               
highly correlated with the final decision of the winegrowers and winemakers regarding the overall management of both vineyards and                                     
grapes.  
Future work include the evaluation and comparison of different remote sensing techniques and type of data (raw, fused, atmospheric                                     
corrected, etc), the design and development of different predictive formulation for each variety and the automated extraction of                                   
vineyards rows in order to account for shadows, soil and other effects. 
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