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Abstract: Several studies have focused in the past on global land cover (LC) datasets 

harmonization and inter-comparison and have found significant inconsistencies. Despite 

the known discrepancies between existing products derived from medium resolution 

satellite sensor data, little emphasis has been placed on examining these disagreements to 

improve the overall classification accuracy of future land cover maps. This work evaluates 

the classification performance of a least square support vector machine (LS-SVM) 

algorithm with respect to areas of agreement and disagreement between two existing land 

cover maps. The approach involves the use of time series of Moderate-resolution Imaging 

Spectroradiometer (MODIS) 250-m Normalized Difference Vegetation Index (NDVI)  

(16-day composites) and gridded climatic indicators. LS-SVM is trained on reference 

samples obtained through visual interpretation of Google Earth (GE) high resolution 

imagery. The core of the training process is based on repeated random splits of the training 

dataset to select a small set of suitable support vectors optimizing class separability. A 

large number of independent validation samples spread over three contrasting regions in 

Europe (Eastern Austria, Macedonia and Southern France) are used to calculate 

classification accuracies for the LS-SVM NDVI-derived LC map and for two (globally 

available) LC products: GLC2000 and GlobCover. The LS-SVM LC map reported an 

overall accuracy of 70%. Classification accuracies ranged from 71% where GlobCover and 

GLC2000 agreed to 68% for areas of disagreement. Results indicate that existing LC 
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products are as accurate as the LS-SVM LC map in areas of agreement (with little margin 

for improvements), while classification accuracy is substantially better for the LS-SVM LC 

map in areas of disagreement. On average, the LS-SVM LC map was 14% and 18% more 

accurate compared to GlobCover and GLC2000, respectively. 

Keywords: multi-temporal classification; NDVI time series; Support Vector Machine; 

support vector optimization 

 

1. Introduction 

Reliable and regularly updated land use/land cover (LULC) maps at medium to coarse spatial 

resolution are required for various modeling and monitoring purposes. At continental to global scale, 

accurate LULC data are for example needed for modeling energy, water and carbon flux exchanges of 

terrestrial ecosystem components [1,2]. At regional scale, prominent applications range from 

vegetation dynamics and land change monitoring to urbanization and policy development [3ï5].  

Available (global) LULC maps show large differences in the number and definitions of LULC 

classes depending on satellite data type, foreseen application as well as the specific objectives of the 

map developers [6]. For example, the Global Land Cover Map 2000 (GLC2000) [7] is based on 22 

land cover classes described through the United Nations (UN) Land Cover Classification System 

(LCCS) [8]. The GlobCover 2009 map [9] (Version 2.3 available for the year 2009), hereafter 

GlobCover, is also labeled according to the LCCS. However, a different cartographic and thematic 

aggregation is performed. The Moderate-resolution Imaging Spectroradiometer (MODIS) Land  

Cover Type product (MCD12Q1, version 5) [10] includes five different global classification systems, 

among which the 17-class system described through the International Geosphere Biosphere 

Programme (IGBP).  

For map production, usually spectral or spectro-temporal features are used with classifiers ranging 

from decision trees to parametric (maximum likelihood) classifiers. For example, GLC2000 was derived 

at 1-km spatial resolution using an unsupervised clustering approach and daily observations acquired 

between 1999 and 2000 from SPOT-VEGETATION. MODIS LC was derived at 500-m spatial 

resolution using a supervised decision tree classifier with yearly average of nadir BRDF-adjusted 

reflectance, enhanced vegetation index (EVI) and land surface temperature (LST) values. At 300-m 

spatial resolution, GlobCover was derived using supervised classification and unsupervised clustering 

of spectral and temporal information from bi-monthly composites of ENVISAT-MERIS acquisitions 

(reflectance and minimum and maximum NDVI values).  

Besides the mentioned differences regarding input features, compositing period, spatial resolution 

and classification algorithms, existing (global) LULC products also differ in map projection and 

reference time. These issues make an accuracy assessment and a map inter-comparison difficult. 

Generally, however, it is agreed that overall classification accuracies of global products are only in the 

range between ~65% and ~75% [6]. For example, GLC2000 demonstrated an overall accuracy of 

68.6% using stratified random sampling of Landsat data with 544 homogeneous samples points [7,11]. 

GlobCover was validated using various satellite data sources at fine spatial resolution (e.g., image data 
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from Google Earth), temporal profiles and annual composites of medium and coarse resolution satellite 

data (such as ENVISAT-MERIS and SPOT-VEGETATION). The product achieved an overall 

accuracy weighted by the class area of 67.5% [9]. MODIS LC was validated using the training dataset 

with a 10-fold cross-validation analysis. This product reported an overall accuracy of 74.8%. However, 

a high variability in the class-specific accuracies was observed [10]. 

Over the last years, various studies have focused on datasets harmonization and inter-comparison 

and have found significant inconsistencies between existing products. For instance, [6] found that 

GLC2000, GlobCover (Version 2.1 for the year 2005) and MODIS LC (Version 5 IGBP) maps show 

large differences in the total surface classified as cropland and forest land cover. For the pair 

GlobCover-GLC2000, these differences were found as high as 28.4% of the average surface classified 

as cropland. Further results of map comparisons and relative quality assessment can be found  

in [6,11ï14].  

Despite the known discrepancies between existing products [11], little emphasis has been placed on 

examining the disagreements between existing products. Such a focus could help improve the overall 

accuracy of future land cover products [15].  

With this study we present a preliminary analysis of MODIS 250-m NDVI (10 years of 16-day 

composites) time series data to derive LULC maps. We focus on six broad vegetation classes and one 

additional non-vegetated class (Urban/Built-up). The approach involves the use of a Least Square 

Support Vector Machine (LS-SVM) algorithm trained on reference samples obtained through visual 

interpretation of Google Earth (GE) high resolution imagery. The core of the LS-SVM training process 

is based on repeated random splits of the training dataset to select a small set of suitable support 

vectors optimizing class separability. Independent validation samples spread over three contrasting 

regions in Europe (Eastern Austria, Macedonia and Southern France) are used to assess the accuracy of 

the LS-SVM NDVI-derived classification and of two existing LC products: GLC2000 and GlobCover. 

The three regions of interest are characterized by different climatic conditions and patterns in land use 

and land cover.  

Two main research questions are addressed in this study:  

¶ Is it feasible to outperform overall classification accuracies of existing (global) land cover 

products (GLC2000 and GlobCover) using LS-SVM fed with MODIS NDVI time series and 

additional climatic indicators?  

¶ Are there any systematic patterns in classification performance (e.g., classification accuracy of the 

LS-SVM for samples where existing maps agree/disagree; class specific performance differences 

between LS-SVM and existing products)?  

In addition, the paper explores some key issues associated with the collection of reference data and 

the training of the classification algorithm. We investigate the possibility to minimize sampling efforts 

through guided sampling using ancillary information from intersection of two existing land cover 

products (GLC2000 and GlobCover). It will be shown that higher classification accuracy can be 

achieved using only points of agreement.  

The paper discusses these questions together with the results, and gives some recommendations to 

improve the accuracy of existing products, with a focus on areas of disagreement. 
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2. Materials and Methods 

2.1. Overview 

A methodology is described for producing reliable land cover maps focusing on broad (here seven) 

LC classes. Only a few broad LC classes were chosen (1) to provide a practical separation between 

managed vegetation and natural vegetation, and (2) to keep some flexibility and not preclude the 

possibility of comparisons with other LC schemes. The LC definitions used in this study and 

corresponding GlobCover and GLC2000 class codes are provided in Table 1.  

Table 1. Land Cover (LC) class codes and descriptions after aggregation of GlobCover 

and GLC2000 products. Water was not classified but taken from a water mask made for 

the Moderate-resolution Imaging Spectroradiometer (MODIS) satellite sensor data. 

Generalised Land 

Cover Class 

GlobCover 

Class 

GLC2000 

Class 
Description 

Cropland 11,14,20,30 23,16,17,18 Agriculture, managed vegetation, mosaic cropland/other vegetation 

Deciduous Forest 50,60 2,3 Close to open deciduous broadleaf trees cover 

Evergreen Forest 70,90 4 Close to open evergreen needleleaf trees cover 

Mixed Forest 100 6,9 Mixed broadleaf and needleleaf trees cover / other trees 

Shrub Cover 110,130,150 11,12,14 Shrub and sparse herbaceous or sparse shrub cover 

Grassland 120,140 13 Herbaceous vegetation, rangeland 

Urban/Built up 190 22 Urban, mixed urban or artificial land 

Multi -temporal datasets such as the MODIS product provide a cost-effective means to develop and 

to deliver regularly updated land cover products over large geographic regions [16ï18]. Here we used 

as input features time series of 16-day NDVI  composites from MODIS satellite sensor data 

(MOD13Q1) for the classification. For each of the 23 compositing periods, the average and the 

variance was derived from the full time series. The profile of average NDVI reflects the basic growth 

curves of different vegetation types. The variance reflects the class-specific reactivity to inter-annual 

changes in climatic driving variables (e.g., temperature, precipitation). Three climatic features were 

added to the NDVI-based features to facilitate large scale classifications with a common set of support 

vectors. The overall workflow is schematized in Figure 1. 

To reduce the efforts required for collecting ground truth information, reference data were derived 

through visual interpretation of high resolution images. For this purpose a Matlab (MathWorks) tool 

was developed making efficient use of GE data.  

For the classification a Least Square Support Vector Machine (LS-SVM) algorithm, developed by 

Suykens et al. [19], was implemented. LS-SVM represents a variant of the original SVM 

formulation [20] with similar classification performance, reduced complexity and enhanced processing 

power [21]. We selected a SVM-based algorithm, as this method is used in various remote sensing 

classification problems and achieves good accuracy compared to other classification algorithms  

(e.g., maximum likelihood, discriminant analysis or decision trees). A comprehensive review is 

available in [22]. The classification performance of SVM with MODIS time series was assessed 

in [23]. The authors investigated, among other issues, the impact of training samples size and 
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confirmed the superior generalization power even with small number of training samples (20 pixels per 

class). They also explored the variability in the overall accuracy using multiple randomly selected 

subsets of training samples, for a given training sample size.  

Figure 1. Workflow of the proposed land cover classification and validation process. The 

description of satellite data acquisition and pre-processing is reported in Box 1. Box 2 

presents the processing of the reference dataset and the comparison with GLC2000 and 

GlobCover.  

 

In our study, we trained the LS-SVM algorithm with repeated random splits of the training dataset 

to select a small set of suitable support vectors optimizing class separability [24,25]. 

For comparison of our LS-SVM LC map with existing land cover products, validation focused on an 

independent dataset not used during the training phase. Class-specific and overall classification 

accuracies were calculated. Special attention was paid to those samples, where existing maps disagreed. 

2.2. Satellite Data and Pre-Processing 

The data used in this study consisted of 16-day NDVI composites from MODIS/Terra with a 250-m 

pixel size. The MODIS 16-day NDVI composite is a Level 3 product (MOD13Q1), calculated from 

the Level 2 daily surface reflectance product (MOD09 series) [26]. Data were aggregated using the 

Constrained View angle-Maximum Value Composite (CV-MVC) compositing method in a 16-day 

interval [27].  

MODIS NDVI data spanning from February 2000 to mid-2011 were downloaded for three 

experimental test sites (Table 2). The test sites were selected to cover a variety of land cover types and 

climatic conditions in Europe.  

Box 2. Reference dataset and validation  Box 1. Satellite data acquisition and pre-processing 

Acquisition of 16-day 

NDVI composite data 

(MOD13Q1, Collection 5) 

from 2000 to 2011 

Reprojection and sub-

setting of the three study 

areas 

NDVI time series filtering. 

Generation of clean data 

from 2001-2010 

(230 observations) 

 

Calculation of average and 

variance of NDVI over the 

10-year period 

(46 observations) 

 

Harmonisation of GLC2000/GlobCover 

legends and generalisation to seven broad 

LC classes 

 

Extraction of land cover class labels for 

GLC2000 and GlobCover  

Integration of 3 climatic 

indicators: 

1. Annual Mean Temperature 

2. Mean Diurnal Temperature Range 

3. Precipitation of Warmest Quarter 

Input features for 

classification  

(49 features) 

Visual interpretation of randomly 

stratified points based on high spatial 

resolution Google Earth data 

Reference dataset 

Stratified random splitting in traini ng 

and validation dataset 

Differentiation between points of 

agreement and disagreement 

Comparison with GLC2000 and GlobCover 

Evaluation of the overall accuracy for the 

points of agreement and disagreement 
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Table 2. Summary of the experimental test sites. The data used in this study consisted of 

16-day Normalized Difference Vegetation Index (NDVI) composites for three test sites 

(2001 to 2010), from which averages and variances were calculated for each 16-day 

interval. Additionally, three climatic variables were used in the LC classification. Their 

respective average values are indicated.  

Test Site 

Lat./Lon. Extension MODIS 

Image 

Frame 

Annual Mean 

Temperature 

(°C)  

Mean 

Diurnal 

Range (°C)  

Precipitation of 

Warmest Quarter 

(mm) 
(Scene Centre) (km

2
) 

Eastern 

Austria 
48°52'6"N /18°13'44"E 107,400 h18v04 8.2 9.2 258 

Macedonia 41°39'21"N/21°46'7"E 54,500 h18v04 9.7 10.2 137 

Southern 

France 
44°21'32"N/3°57'46"E 34,455 h19v04 10.3 9.8 186 

MOD13Q1 image frames (here h18v04 and h19v04) were reprojected from the Sinusoidal to UTM 

projection with map datum WGS 84. This coordinate transformation was achieved using the MODIS 

data Reprojection Tool (MRT) with nearest neighbor resampling. The sub-setting of the three test sites 

was performed on the reprojected data. Images were consequently stacked to produce the time series 

dataset. One important requirement for multi-temporal analysis is the co-registration of the various 

acquisitions in the time series. According to the MODIS team, the geolocation accuracy is 

approximately 50 m at nadir [28]. Taking into account both nadir and off-nadir pixels, [17] reported an 

error of about 113 m that is considered acceptable for the purpose of the analysis. 

To fill data gaps, and to remove undesired effects of undetected clouds and poor atmospheric 

conditions, the time series data were filtered. The generation of the filtered dataset was based on a 

smoothing technique described in [29]. Data smoothing was achieved continuously from year 2000 to 

2011. The employed Whittaker smoother [30] balances fidelity to the observations with the roughness of 

the smoothed curve. The algorithm is extremely fast, gives continuous control over smoothness with 

only one parameter, and interpolates automatically missing data. For further details the reader is referred 

to [29,31,32]. An example of NDVI time series before and after the filtering is presented in Figure 2. 

The filtered time series consisted of 230 NDVI data values (10 years of data, 23 acquisitions per 

year, 1 observation every 16 days) from the start of 2001 to the end of 2010 (first and last complete 

year). The 230 NDVI data values were summarized to provide 16-day inter-annual averages (n = 23) 

and the corresponding variances (n = 23) for the period 2001ï2010. The final NDVI dataset used in 

our study thus consisted of 46 observations representing the inter-annual averages and variances. A 

positive effect of using multi-annual data was shown by [33] where the effect of data compositing and 

length of the observation period on the LC accuracy was investigated.  

As a consequence of the multi-annual data compositing, changes in land use and land cover may be 

expected to produce artefacts in the inter-annual averages (and variances) of the NDVI values. In this 

study, we assumed that LULC changes would have only a minimal impact on our European dataset. 

The rate of land cover changes for 36 European countries was estimated by [34] being 1.3% of the 

total land surface for the period 2000ï2006, with average annual change rates of 0.08% for Austria, 

0.14% for Macedonia and 0.11% for France.  
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Figure 2. Example of NDVI time series before (a) and after (b) filtering. Data smoothing 

was achieved continuously from year 2000 to 2011 using the Whittaker smoother (ɚ = 15). 

For the classification only data from 2001 to the end of 2010 was used and is shown  

in the graphs.  

 

(a) 

 

(b) 

Three climatic indicators were included as LS-SVM input features so that the classifier receives 

information concerning the respective climatic conditions of each sample: the Annual Mean 

Temperature, the Mean Diurnal Temperature Range, and the Precipitation of Warmest Quarter 

calculated at 1-km spatial resolution. These three indicators were selected from the global climate 

layers of the WorldClim [35] dataset summarizing annual and seasonal trends of monthly temperature 

and rainfall values. Temperature and precipitation are important drivers of crop/vegetation growth and 

phenology. They are thus responsible for inter-annual and spatial variability of NDVI profiles. 

The data values of the 49 features dataset were normalized using the standard score and constituted 

the input for the multi-temporal land cover (LS-SVM) classification. 

2.3. Reference Dataset 

Reference LC information is required to train the LS-SVM, and to determine the quality of the 

established map in the accuracy assessment process. Visual interpretation of high spatial resolution 

images represents a time- and cost-saving alternative to traditional field surveys for ground truthing, 

and the only practical solution at regional and global scales [36,37]. For this purpose, a software 

toolbox was developed under Matlab to assist the display of satellite images available in GE and to add 
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the visually determined LC label to each of the surveyed point. The NDVI time series corresponding to 

the MODIS 250-m pixel under validation was used to assess the consistency of the interpreted LC type 

with the temporal characteristics and to cross-check for changes that may have occurred during the 10 

years. The main interface of the software toolbox is presented in Figure 3. 

Figure 3. The software toolbox interface developed to assist the display of satellite images 

available in Google Earth (GE) and for adding the visually determined LC labels to each of 

the surveyed points. The software allows the interactive display of NDVI time series 

(2001ï2010) corresponding to the MODIS 250-m pixel under validation (red box). Two 

panels are available to provide quality indicators (Confidence and Spatial homogeneity).  

 

Two quality indicators were also assigned: (i) the confidence of interpretation, and (ii) the 

homogeneity of the area under interpretation. The first index categorizes the uncertainties arising while 

interpreting the high spatial resolution images. Four levels were distinguished: óSureô, óQuite sureô, 

óLess sureô and óUnsureô. The second index expresses the level of pixel homogeneity observed in the 

GE high spatial resolution images. We defined three possible categories based on the number and 

proportion of land cover types covering the MODIS 250-m pixel footprint and in its neighborhood area 

(about half a pixel to account for possible geolocation errors) (Figure 4):  

¶ óHighô for homogeneous pixels containing only one land cover type (a); 

¶ óMediumô for mixed pixels with a clear predominance of one land cover type (b); 

¶ óLowô for mixed pixels with more than one land cover type without a clear majority (c). Note that 

despite this low homogeneity a (single) LC label was assigned. 

Using this approach, we visually interpreted a total number of 1,235 points randomly selected, of 

which 76 were qualified as óUnsureô. To reduce thematic errors in the reference dataset caused by the 

visual interpretation, these 76 points were excluded from further analysis.  
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The final dataset (ntot = 1,159) was randomly split into two sub-samples (training and validation). 

For the optimization of the LS-SVM algorithm, only the training samples were used. The validation 

samples were used only for the classification performance assessment. Accuracy measures were 

calculated for different levels of pixel homogeneity: (1) first for medium to high homogeneity levels  

(n = 362), and (2) subsequently including all levels of pixel homogeneity (n = 567) . 

Figure 4. Illustration of different levels of pixel homogeneities. Examples are provided for 

Deciduous Forest (a), Deciduous Forest mixed with Evergreen Forest (b) and Urban mixed 

with Deciduous Forest and Cropland (c) LC classes as interpreted in the high resolution 

Google Earth images. (a) high homogeneity, (b) medium homogeneity, and (c) low 

homogeneity.  

   

(a) (b) (c) 

2.4. Comparison with Existing LC Products 

The classification performance of the LS-SVM was compared to two existing LC products 

(GLC2000 and GlobCover). The LC class codes were extracted based on the exact location of the 

reference dataset points for GLC2000 (1-km pixel size). For GlobCover (300-m pixel size) a 3 × 3 

neighborhood majority rule was used. In case where no class met the majority threshold, the center 

value was taken. A prerequisite to compare land cover data from existing LC products is the 

harmonization of the different classification legends. Processing aspects and recommendations for LC 

harmonization are described in [38]. Although GLC2000 and GlobCover are based on different mixed 

unit definitions and LC legends, both consider 22 LC classes according to the United Nations (UN) 

Land Cover Classification System (LCCS) [8]. Various methodologies have been proposed to aggregate 

and compare LC maps obtained from different satellite sensor data and mapping projects [37]. In our 

study, the LC legends of GLC2000 and GlobCover were first cross-related using a crisp approach [12]. 

This permits comparing class descriptions between the two mapping projects. Subsequently, the LC 

classes of the two legends were translated to a third system and thematically aggregated into seven LC 

classes (see Table 1). This yields two new LC maps with harmonized legends (Figure 5). After 

harmonization and aggregation of legends, the areas of agreement (óagr.ô) and of disagreement (ódis.ô) 

between the two recoded LC products were derived. The distribution and the number of samples in the 

training and validation datasets are provided in Figure 6 and in Figure 7, respectively. 
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Figure 5. GLC2000 and GlobCover maps after legend aggregation for the three test sites.  

 

 


