
1 Introduction 

Accurate and efficient cropland mapping is a pre-requisite for 

developing efficient agricultural management policies which 

facilitate the implementation of sustainable food supply 

systems worldwide.  

Remote sensing data has already been successfully used in 

different cropland monitoring programs due to their global 

coverage (Inglada et al., 2015). Existing studies dedicated to 

cropland mapping used MODIS data (Maus et al., 2016, 

Arvor et al., 2011, Pringle et al., 2012, Qiu et al., 2017), 

SPOT data (Desclée et al., 2006), Landsat data (Yan and Roy, 

2015, Qiu et al., 2017) or, Landsat data combined with SPOT 

(Matton et al., 2015) or MODIS data  (Jia et al., 2014).  Since 

its launch, Sentinel-2 data gained the attention of the remote 

sensing community for cropland mapping and monitoring due 

to the high spatial resolution (e.g. 10 m spatial resolution of 

the blue, green, red and near-infrared spectral bands) and high 

temporal resolution (5 days revisiting time with twin 

satellites). The increased spatial resolution of the carried 

MultiSpectral Instrument (MSI) sensor allows the application 

of object-based image analysis (OBIA) method (Blaschke, 

2010) for cropland mapping. This method has the advantage 

of generating ready-to-use spatial vector datasets which can 

be further used by decision-makers for developing sustainable 

agricultural management and monitoring policies (Matton et 

al., 2015). Immitzer et al. (2016) evaluated for example the 

suitability of single-date Sentinel-2 data for crops mapping by 

applying Random Forest algorithm (Breiman, 2001) using 

both pixel and object-based classifications. This study 

revealed that object-based and pixel-based Random Forest 

achieved comparable results. The authors concluded that 

multi-temporal Sentinel-2 images might increase the 

classification results, because the multi-temporal spectral and 

phenological indices can better describe the vegetation 

dynamics of the target crop types. Lebourgeois et al. (2017) 

used simulated Sentinel-2 time series data, SPOT digital 

elevation model (DEM) and very high resolution (VHR) 

Pleiades images for mapping smallholder agriculture in 

tropical areas. VHR images served as input data for 

delineating agricultural fields through segmentation, whereas 

the variables (spectral indices, reflectance) derived from 

simulated time-series Sentinel-2 data were used for the 

classification purpose. This study revealed that multi-temporal 

information is essential for cropland mapping in small-scale 

agricultural regions. Despite the increasing interest of the 

remote sensing community in using Sentinel-2 data for 

croplands mapping, none of the existing studies evaluated 

how OBIA method performs when applied to cropland 

mapping from time-series Sentinel-2 data. This study reports 

the classification results yielded for wheat, maize, rice, 

sunflower and forest mapping from a diverse agricultural 

landscape situated in Romania. 

 

 

2 Study area and data 

The study area is situated in the south-eastern part of 

Romania and it is divided into two sections by the Danube 

River (Fig. 1). As depicted in Figure 1, the eastern part of the 

study area comprises compact, relatively large agricultural 

fields, whereas the western part is characterized by a highly 

fragmented agricultural landscape. The study area have an 

extent of 2740×2335 pixels, covering 63.979 ha.  

For the cropland classification purpose, we used 13 

Sentinel-2 Level 1C images for the year 2016 (from February 

to September), well distributed across the agricultural 

calendar. The images were selected according to the cloud 

coverage: the images with cloud coverage greater than 10% 

were not used in the further classification framework. This 
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study focuses only on the visible bands of the Sentinel-2 

sensor (band 2, band 3 and band 4) and near-infrared band 

(band 8) for the segmentation process, while the phenological 

cycles of the land use/land cover classes of interest were 

computed using the Normalized Difference Vegetation Index 

(NDVI). 

 

Figure 1: Study area localization in south-eastern part of 

Romania. 

 
 

 

3 Methodology 

This section introduces the methodological framework 

applied in this study: image segmentation, time-weighted 

dynamic time warping and evaluation of the final 

classification (Fig. 2). 

 

 

3.1 Object-based image analysis framework 

OBIA has gained an increasing attention in the last years 

due to the high classification accuracy yielded when applied 

to very high resolution satellite images (Blaschke, 2010). The 

method consists of two main steps: segmentation and 

classification.   

Through segmentation the image is partitioned into 

contiguous spatial objects according to a homogeneity criteria 

defined by users. Resulting objects (referred into the OBIA 

literature as image objects) are classified using supervised or 

unsupervised image classification procedure. In our study, we 

applied the multi-resolution segmentation (Baatz and Schäpe, 

2000) to segment the Sentinel-2 time-series data stack. To 

reduce the subjectivity and the time required for the 

segmentation algorithm tuning, we applied the Estimation of 

Scale Parameter 2 (ESP2) tool (Drăguţ et al., 2014), which 

automatically selects an objective scale parameter (SP) based 

on local variance of objects. The red, green, blue and near-

infrared bands were used in the process of segmenting 13 

different dates, resulting in a stack of 52 layers. We used all 

these layers in order to identify all meaningful boundaries 

which may appear during the timeframe of the analysis. In the 

end, 13 different raster datasets were exported, representing 

the mean NDVI values for each object. Resulting raster 

datasets were then stacked and ready to be analysed using 

Time-Weighted Dynamic Time Warping (TWDTW) approach 

(Maus et al., 2016) (Fig. 2). 

 

 

3.2 Time-Weighted Dynamic Time Warping 

method 

TWDTW is a supervised classification method that uses the 

temporal patterns of the training samples computed from 

different indices and/or spectral features to classify the 

agricultural fields of interest (Fig. 3). For this study, we 

randomly generated 2500 samples, resulting in 589 training 

samples and 1660 validation samples. These samples were 

classified through visual interpretation, relying on the visual 

interpretation keys developed using the European Land Use 

and Coverage Area Frame Survey (LUCAS) training samples 

for the land cover/land use classes of interest. This dataset was 

available only for 2015 and therefore, we could not use it 

directly as training samples for Sentinel-2 data which was 

available for 2016. 

 

Figure 2: The methodological workflow used in this study. 

 
 

Figure 3: Temporal patterns of NDVI for wheat, maize, rice, 

sunflower and forest computed from Sentinel-2 NDVI time 

series data. The vertical axis represents the value of NDVI, 

while the horizontal axis represents the time. 
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Applying TWDTW method requires three main steps (1) 

generating the temporal patterns of the training samples based 

on the NDVI raster time series (Fig. 3), (2) applying the 

TWDTW analysis and (3) classifying raster time series (Fig. 

2). In our study we used the R package called dtwSat (Maus et 

al., 2016) to execute the workflow towards obtaining a 

TWDTW classification based on objects. 

We applied a logistic TWDTW with α = −0.1 and β = 50, 

which means that we added a time-weight to the DTW with a 

low penalty for time warps smaller than 50 days and higher 

penalty for bigger time warps (Maus et al. 2016). Two raster 

datasets are created: the categorical map of classes of interest 

and the TWDTW dissimilarity measure of the scene 

classified. 

 

3.3 Classification accuracy assessment 

The accuracy of the obtained object-based classification was 

evaluated using overall accuracy, producer’s accuracy, user’s 

accuracy metrics (Congalton, 1991) and kappa coefficient 

(Cohen, 1960), using 1660 validation samples. 

 

4 Results and discussions 

The objective of this study was to evaluate the performance 

of OBIA method when applied to cropland mapping from 

Sentinel-2 time-series data. The image objects delineated by 

applying multi-resolution segmentation algorithm were further 

classified using the TWDTW method (Fig. 4). We obtained a 

classification accuracy of 93.43% and a kappa coefficient of 

92% (Table 1). The lowest user’s accuracy was yielded for the 

rice class (78.8%) because of the confusion with the maize 

class, whereas the highest user’s accuracy was achieved by 

the wheat class (99.72%), followed by the forest, maize and 

sunflower classes. The lowest producer’s accuracy was also 

obtained by the rice class (82.86%), followed by the maize 

class with 86.68%. The high misclassification rate of the 

maize class was caused by the confusion with rice and 

sunflower. Better results are expected by including the red-

edge and SWIR bands in the image analysis procedure. 

Immitzer et al. (2016) showed in their study dedicated to 

cropland mapping from single-date Sentinel-2 data that among 

the five most important spectral bands two are located in the 

red-edge and one in the SWIR.  

The most critical step of OBIA is the segmentation of the 

images into meaningful objects (Belgiu and Drǎguţ, 2014). 

Most of the exiting segmentation algorithms require users’ 

intervention for selecting the segmentation parameters. In our 

study, we used the ESP-2 tool to automatically identify the SP 

for crop fields delineation from time-series data. We applied 

the ESP-2 tool using a hierarchical segmentation approach to 

ensure a faster segmentation, because each of the iteration is 

built on the previous obtained level of segmentation. The final 

obtained SP was 186, using shape 0.1 and compactness 0.5, 

resulting in 4479 objects with a mean area of 1428 pixels of 

10m resolution. 

The diversity of the agricultural landscape can greatly 

impact the segmentation results obtained by applying the 

ESP-2 tool. The western part of our study area for example is 

characterized by small agricultural parcels (Fig. 5). 

Consequently, narrower and elongated fields were under- 

Figure 4: Object-based TWDTW classification of the study 

area. The settlements (gray color) are masked. 

 
 

Figure 5: Two subsets of the study area showing the 

segmentation results superimposed on a RGB image from 

May: (A) highly fragmented agricultural landscape and (C) 

relatively large agricultural parcels. For the same two subsets, 

the object-based classification is showed in (B) for small 

parcels and (D) for large parcels. 

 
 

segmented. The under-segmentation increases the 

misclassification rate especially when smaller agricultural 

fields cultivated with different crops are merged together. In 

the eastern part of our study area, the agricultural fields were 

over-segmented, because of the utilization of irrigation 

systems that caused spectral variation within the same 

agriculture field (Fig. 5). Over-segmentation is preferable to 

under-segmentation (Gao et al., 2011), because smaller 

objects belonging to the same agriculture field can be easily 
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merged together in the further image analysis steps. Under-

segmentation results on the other hand cannot be easily ruled 

out. One possible solution to this problem could be the 

division of the study area into two regions based on the 

characteristics (and thus complexity) of the agricultural fields. 

In this way, the highly fragmented agricultural landscape 

present in the western part of the study area could be 

segmented independently from the eastern part, where larger 

agricultural fields dominate. The same procedure has been 

successfully implemented by d’Oleire-Oltmanns and Tiede 

(2014) for gully delineation from QuickBird image. In a 

previous study, Matton et al. (2015) argued that the slightly 

better classification results produced by the object-based 

method do not balance out the high processing time required 

for the segmentation step. In our case, the segmentation of 

time-series layers proved to be a less computationally-

intensive process (1h 50min, using 16 cores with 2.90 GHz 

and 32GB memory). 

In spite of the increasing temporal resolution of Sentinel-2 

data, the presence of clouds significantly reduced the number 

of available scenes. To address the problem of cloud 

obscuration, radar data such as RADARSAT-2 or Sentinel-1 

data can be used in combination with Sentinel-2 for cropland 

mapping. 

Our study revealed also that TWDTW is an efficient method 

for cropland mapping using phenological pattern of target 

crops computed from NDVI time-series data. In the future 

study, we plan to evaluate how this method performs when 

additional indices such as Enhanced Vegetation Index (EVI) 

or Normalized Difference Water Index (NDWI) (McFeeters, 

1996) and the vegetation red edge bands (band 5, 6, 7 and 8a, 

respectively) are used. Furthermore, we plan to evaluate how 

OBIA performs in different geographical regions where the 

agricultural fields have different spatial structures and where 

the agricultural practices differ. 

 

 

5 Conclusion 

This study showed that OBIA can be successfully used for 

cropland mapping from Sentinel-2 time-series data, achieving 

an overall accuracy of 93.43%. One of the advantages of this 

method consists in reducing the salt-and-pepper effect 

occurring usually in per pixel classifications and in generating 

ready-to-use spatial vector datasets. The availability of vector-

based agricultural fields datasets at regional and global level 

could benefit agricultural management and monitoring 

agencies including the European Common Agriculture Policy 

(CAP) and its European Agricultural Guarantee Fund (EAGF) 

program towards developing sustainable agricultural practices 

and agricultural subsidies programs for food security. 
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