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2 Italian Pilot area: Data products validation for the year 

2018 

2.1  Map of Irrigated Areas 

For the irrigation season 2018, the detection of irrigated areas was performed using a supervised 

“multi-temporal classification” based on a time series of Vegetation Indices (Vis). The 

classification process based on temporal pattern recognition exploits the captured differences 

from the canopy on the VI to assign each pixel to a vegetation class. These classes need to be 

defined based on field inspections and knowledge about crop phenology and crop management. 

The proposed methodology is founded on the assumption that the hydrologic deficit typical of 

the semi-arid environments, as for the Mediterranean basin, the only detectable crops are those 

that are irrigated. In order to follow the phenological development of crops in the irrigation 

season, the considered approach is based on the use of a time series of the multispectral satellite 

images, opportunely processed in a semi-automatic workflow. 

This application is based on the utilisation of data from the Multispectral Instrument (MSI) on 

board of Sentinel 2A & 2B platforms. To perform the irrigated areas detection a time series of S2A 

& B was selected. In detail, considering a cloud cover less than 20%, 44 images captured for the 

year 2018 were chosen (Table 1). 

Tile Granule 
n° S2 images 
 per month 

Acquisition Time 
(yyyy-mm-dd) 

T33 TVF 

5 2018/01/13-18-21-26-28 

2 2018/02/15-17 

1 2018/03/24 

4 2018/04/03-08-21-26 

3 2018/05/18-26-31 

5 2018/06/02-10-17-25-30 

7 2018/07/02-05-10-20-25-27-30 

9 2018/08/01-04-06-09-11-19-21-24-29 

8 2018/09/05-08-10-15-23-25-28-30 

Table 1 - S2 images used in the irrigated areas detection process 

For EO applications, based on the multi-temporal approach (i.e. change detection, land surface 

phenology, land cover classification, etc.) an atmospheric correction is one of the most important 

steps, with the aim to convert the original digital data, generally in Digital Number (DN), into the 



D2.3 Data products validation report 

                                                                                                                                       
This project is co-funded by the European Union 11 |58 

specific physical magnitudes (Caselles & Lopez Garcia, 1989)2. In other words, the surface 

reflectance for each considered input data is required. 

Atmospheric and topographic corrections can be applied to satellite images before classification 

in order to normalise radiance and digital number (DN) values (Young et al., 2017)3. Atmospheric 

correction aims at determining the true surface reflectance values by removing the atmospheric 

effects resulting from the scattering and absorption of electromagnetic radiation by gases and 

aerosols when passing through the atmosphere to the satellite sensor (Hadjimitsis et al., 2010)4. 

Previous studies have reported that atmospheric correction is one of the most important 

corrections, especially when working with multiple scenes at different temporal scales (Song et 

al., 20015; Vanonckelen et al., 2013)6. Topographic correction is the process of reducing the 

variation of image values resulting from differences in surface terrain illumination and shadows 

cast during image acquisition (Vanonckelen et al., 2013)6; these effects are especially common in 

rugged or mountainous areas. Studies have reported various effects of topographic correction. 

For example, 

Vanonckelen et al., (2013)6 reported that topographic correction improved classification accuracy 

from 78 to 89% in mountainous areas, while other studies showed that topographic correction 

might not significantly improve accuracy in land cover classification routines (Carpenter et al., 

19997; Goslee, 20128; Mitri & Gitas, 20049; Zhang et al., 201110). 

                                                           
2 Caselles, V., Lopez Garcia, M. J. (1989). An alternative simple approach to estimate atmospheric correction in multitemporal studies. 
International Journal of Remote Sensing, 10(6), 1127–1134. http://doi.org/10.1080/01431168908903951.  
3 Young, N.E., Anderson, R.S., Chignell, S.M., Vorster, A.G., Lawrence, R., Evangelista, P.H. (2017). A survival guide to Landsat 
preprocessing. Ecology 98 (4), 920–932. http://dx.doi.org/10.1002/ecy.1730. 
4 Hadjimitsis, D. G., Papadavid, G., Agapiou, A., Themistocleous, K., Hadjimitsis, M., Retalis, A., Michaelides, S., Chrysoulakis, N., 
Toulios, L., Clayton, C. R. I. (2010). Atmospheric correction for satellite remotely sensed data intended for agricultural applications: 
impact on vegetation indices. Nat. Hazards Earth Syst. Sci. 10 (1), 89–95. http://dx.doi.org/10.5194/nhess-10-89-2010. 
5 Song, C., Woodcock, C.E., Seto, K.C., Lenney, M.P., Macomber, S.A. (2001). Classification and change detection using Landsat TM 

data: when and how to correct atmospheric effects? Remote Sens. Environ. 75 (2), 230–244. http://dx.doi.org/10.1016/S0034-

4257(00)00169-3. 
6 Vanonckelen, S., Lhermitte, S., Van Rompaey, A. (2013). The effect of atmospheric and topographic correction methods on land 

cover classification accuracy. Int. J. Appl. Earth Obs. Geoinform. 24, 9–21. http://dx.doi.org/10.1016/j.jag.2013.02.003. 
7 Carpenter, G.A., Gopal, S., Macomber, S., Martens, S., Woodcock, C.E. (1999). A neural network method for mixture estimation for 

vegetation mapping. Remote Sens. Environ. 70 (2), 138–152. http://dx.doi.org/10.1016/S0034-4257(99)00027-9. 
8 Goslee, S.C. (2012). Topographic corrections of satellite data for regional monitoring. Photogramm. Eng. Remote Sens. 78 (9), 973–

981. http://dx.doi.org/10.14358/PERS.78.9.973. 
9 Mitri, G., Gitas, I. (2004). A performance evaluation of a burned area object-based classification model when applied to 

topographically and non-topographically corrected TM imagery. Int. J. Remote Sens. 25 (14), 2863–2870. 

http://dx.doi.org/10.1080/01431160410001688321. 
10 Zhang, Z., De Wulf, R. R., Van Coillie, F. M., Verbeke, L. P., De Clercq, E. M., Ou, X. (2011). Influence of different topographic 

correction strategies on mountain vegetation classification accuracy in the Lancang Watershed. China. J. Appl. Remote Sens. 5 (1), 

053512. http://dx.doi.org/10.1117/1.3569124. T.N. Carlson, R.R. Gillies, E.M. Perry. 

http://doi.org/10.1080/01431168908903951
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According to (Garcia-Pedrero, Gonzalo-Martin, Fonseca-Luengo, & Lillo-Saavedra, 2015)14, to 

provide agricultural services based on EO data, a correct delineation of agricultural parcels is a 

fundament requirement, and the high-resolution satellite images and machine-learning 

algorithms play a key role for these purposes. Hence, in this work to detect the irrigated areas, a 

supervised classification was applied using as input data the NDVI time series. In detail, the 

performance achievable from different Machine Learning Algorithms (MLA) were tested (Kuhn & 

Johnson, 2013)15: 

 Artificial Neural Network (ANN), 

 Single Decision Tree (DTs), 

 k-nearest neighbour (k-NN), 

 Random Forest (RF), 

 Support Vector Machine (SVM). 

To train these algorithms ground truth data were considered. During the irrigation season 2018, 

the Sannio Alifano Consorzio staff conducted field inspections, collecting 1200 points balanced 

for three classes (same size of training sample) distributed in the whole area: i) Bare soil or rainfed, 

ii) herbaceous and iii) tree crop. Subsequently, with the aim to obtain a robust validation of the 

irrigated areas map, the ground truth dataset (pixels) were separated into training and test 

samples using random sampling stratified by class, with 25% of pixels used to train the model, and 

75% of the pixel used to validate the model. Most machine-learning algorithms have user-defined 

parameters that may affect classification accuracy. Although default values are often suggested 

for these parameters, empirical testing to determine their optimum values is needed to ensure 

confidence that the best possible classification has been produced. The relative difficulty of 

running parameter optimisation for different classifiers is often cited as a major consideration in 

selecting an algorithm. One commonly used method is k-fold cross-validation. In this method, the 

training data are randomly split into k disjunct subsets (e.g. 10). The model is then run k times, 

each time withholding one of the subsets, which is used for validation. The results of each run are 

assessed using the withheld data, and the results are averaged across all k replicates. In this way, 

is possible to test a range of values for all combinations of the parameters empirically, and the 

combination that yields the best performance, commonly defined based on overall classification 

                                                           
14 Garcia-Pedrero, A., Gonzalo-Martin, C., Fonseca-Luengo, D., & Lillo-Saavedra, M. (2015). A GEOBIA methodology for fragmented 

agricultural landscapes. Remote Sensing, 7(1), 767-787. 
15 Kuhn, M., & Johnson, K. (2013). Applied predictive modeling. (Vol. 26). New York: Springer. 
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Comparison between different methods and micrometeorological measurements, i.e. Eddy 

Covariance fluxes data are shown, for example, in Rubio et al., 2006; D’Urso et al., 201019.  

Unfortunately, in the Italian Pilot area, such measurements are not available. For this purpose, 

with the aim to validate the crop evapotranspiration, two approaches are followed: 

- Validation of LAI: The Leaf Area Index represents the main input variable related to the 

crop development in the calculation of ET using the Penman-Monteith approach. The error 

on LAI propagates in the estimation of ET in a significant way. Field non-destructive 

measurements of LAI have been used to compare with the EO-product utilised in the 

calculations. In detail, during the irrigation season 2018, the field measurements of LAI 

have been executed using the portable canopy digital analyser (LAI-2000 Plant Canopy 

Analyzer, LI-COR), under conditions of diffuse illumination at sunset. The LAI value at each 

location is resulting as the average of 3 repetitions of 8 below canopy readings taken within 

a 5 m radius of the georeferenced location. An opaque cover (view cap) on the optical 

sensor, with an open wedge of 45°, was used to avoid the influence of neighbouring 

obstacles, such as the operator (Gower and Norman, 199120; Li-Cor, 199221). In conclusion, 

considering a sample of 33 values collected for herbaceous (Maize and Alfalfa) and tree 

crops (Apple, Peach and Hazelnut) the validation was executed (Figure 3). 

 

Figure 3 - Scatterplot of field LAI measured vs. Sentinel-2 LAI product. 

                                                           
19 D’Urso, G., Richter, K., Calera, A., Osann, M. A., Escadafal, R., Garatuza-Pajan, J., Hanich, L., Perdigão, A., Tapia, J. B., Vuolo, F. 

(2010). Earth Observation products for operational irrigation management in the context of the PLEIADeS project. Agricultural Water 

Management, 98(2), 271–282. http://doi.org/10.1016/j.agwat.2010.08.020. 
20 Gower, S. T., Norman, J. M. (1991). Rapid estimation of leaf area index in conifer and broad‐leaf plantations." Ecology 72.5 (1991): 

1896-1900 

21 Li-Cor LAI-2000 Plant Canopy Analyser: Instruction Manual. Nebraska Li-Cor, Inc., Lincoln (1992) (179 pp.) 






















































































