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Abstract: As result of the “Global Land Cover Mapping at Finer Resolution” project led 

by National Geomatics Center of China (NGCC), one of the first global land cover datasets 

at 30-meters resolution (GlobeLand30) has been produced for the years 2000 and 2010. 

The first comprehensive accuracy assessment at a national level of these data (excluding 

some comparisons in China) has been performed on the Italian area by means of a 

benchmarking with the more detailed land cover datasets available for some Italian 

regions. The accuracy evaluation was based on the cell-by-cell comparison between Italian 

maps and the GlobeLand30 in order to obtain the confusion matrix and its derived statistics 

(overall accuracy, allocation and quantity disagreements, user and producer accuracy), 

which help to understand the classification quality. This paper illustrates the adopted 

methodology and procedures for assessing GlobeLand30 and reports the obtained statistics. 

The analysis has been performed in eight regions across Italy and shows very good results: 

the comparison of the datasets according to the first level of Corine Land Cover 

nomenclature highlights overall accuracy values generally higher than 80%. 
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1. Introduction 

Global land cover data represent highly valuable information to monitor the extension and status of 

land resources and give an important contribution to understanding the balance between global land 

cover pattern, climate and biochemistry of the earth system [1,2]. Thanks to the continuous advances 

in remote sensing sensors and mapping technologies, the availability of these datasets is rapidly 

increasing. It is well established that the knowledge of the classification accuracy is a key factor to 

improve the production of these datasets and understand their suitability in many different 

applications. Classification accuracy assessment of land cover maps represents a very important 

research topic and many studies, recommendations and guidelines about it have been published over 

the years [3–6]. 

Several global land cover maps derived from different remotely sensed sources are now freely 

available for research purposes: the 1 km International Geosphere-Biosphere Programme Data and 

Information System Cover (IGBP-DISCover) map [7]; the 1 km University of Maryland (UMD) land 

cover map [8]; the 1 km Global Land Cover 2000 (GLC2000) map [9]; the 500 m MODIS land cover 

maps [10]; and the 300 m GlobCover land cover maps [11]. Nowadays, a new global land cover 

dataset at 30 m resolution has been added. This dataset, named GlobeLand30 [12], refers to the years 

2000 and 2010. It was produced by the Chinese government and then donated to the United Nations 

with the aim of contributing to research on sustainable development and climate change. Since its 

release for open access at the end of September 2014, GlobeLand30 has been downloaded by more 

than 1000 scientists from 70 countries. Since then, it has been also used in some analysis on spatial 

distribution pattern and temporal fluctuation of global land surface water [13,14].  

According to preliminary tests, the GlobeLand30 achieves values of overall accuracy of over  

80% [12]. Obviously, an independent assessment of its quality could greatly increase the interest and 

usage of the product. This study wants to further contribute in the classification quality evaluation 

presenting the first comprehensive thematic accuracy assessment carried out on the available Italian 

datasets. In particular, Section 2 describes the benchmarking analysis performed between 

GlobeLand30 and the different Italian regional reference data by illustrating the adopted methodology, 

based on the confusion matrix approach, and the main characteristics of the datasets; Section 3 reports 

the statistics obtained for the different Italian regions in which global land coverage data are available 

and the multiple land cover classes considered; finally, the conclusion in Section 4 presents the main 

research results and needs. 

2. Methods and Data 

2.1. Confusion Matrix and Derived Indexes  

Many different methods and indexes have been proposed in the literature to describe the 

classification quality of thematic maps. Within this study, the accuracy evaluation of GlobeLand30 has 

been performed through a comparison with reference datasets by following the “good practices” 

suggested by Foody [5] and Olofsson et al. [6,15]. According to these authors, a scientifically rigorous 

method for the accuracy assessment should involve three important steps: the response design,  

the sampling design and the accuracy analysis. 
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The response design is defined as “the protocol for the acquisition of the reference data label” [5]. The 

spatial assessment unit [16], the source of reference data and the reference labeling process are some of 

the most important factors to take into account within this step. Another key point is to ensure the higher 

quality of reference classification with respect to the land map being evaluated. Furthermore, if the 

collection of reference data for the whole region of interest cannot be feasible, a probability sampling 

design is needed for selecting a sample of data on which the accuracy analysis will be performed. This 

step requires an accurate choice of both the sample size and sampling methods [17]. 

For the current study, the reference data have been selected among the already existing Italian land 

cover datasets. At present, the only land coverage maps covering the whole national area have been 

produced in the frame of Corine Land Cover (CLC), a European project specifically intended for 

detection and monitoring of the characteristics of land cover and use; although homogeneous and 

available for different time periods, these datasets are not suitable as reference for the comparison with 

GlobeLand30 because of their low resolution (100 m). Fortunately, land cover maps characterized by 

higher quality than GlobeLand30 have been produced and made available by some Italian regions. 

This allowed us to perform an accuracy analysis for each of them. Furthermore, all the available 

reference data were taken into consideration in the accuracy analysis process, bringing to a regular 

distributed sample for each region. 

The accuracy analysis has been carried out by means of the confusion or error matrix [18], which is 

derived from the spatial comparison between the classified dataset and the reference one by selecting 

the pixel as the spatial assessment unit. The result of this comparison is a square matrix characterized 

by a number of rows and columns equal to the total number of the considered land cover classes;  

in particular, the elements belonging to the main diagonal represent the correctly classified data, while 

the off-diagonal elements identify the classification errors.  

Many indexes describing the quality of the classification can be derived from the error matrix [19]. 

In accordance with the “good practices”, the most commonly used overall accuracy (OA), user (UA) 

and producer (PA) accuracy have been calculated. Furthermore, the more recently proposed allocation 

(AD) and quantity (QD) disagreement have been considered. 

Overall accuracy is one of the most popular agreement measures and indicates the percentage of 

correctly classified pixels. It can be simply computed as shown in Equation (1), where q is the number 

of the classes, nii are the diagonal elements and n represents the total number of considered pixels. 

Unfortunately in the literature, it is impossible to find a unique threshold that defines the acceptable 

values of overall accuracy for the image classification; Anderson et al. [20] propose a value of at least 

85%, Pringle et al. [21] recommend a value over 70%, whereas Thomlinson et al. [22] consider 

accurate a classification when the OA is at least equal to 85% and no class is less than 70%. 

	ܣܱ ൌ
∑ ݊௜௜
௤
௜ୀଵ

݊
ൈ 100 (1)

Unlike the overall accuracy, user and producer accuracies allow understanding the classification 

quality of each single class i. In particular, the former expresses the accuracy of the classification from 

the user prospective and can be defined as the percentage of classified pixels that correctly match the 

ground truth. The latter refers to the accuracy from the producer prospective and can be defined as the 

percentage of the pixels of ground truth correctly detected in the classified map. User and producer 
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accuracies, respectively, can be computed as proposed in Equations (2) and (3); n+i and ni+ represent 

the marginal sum of the columns and the marginal sum of the rows, respectively. 

௜ܣܷ ൌ
݊௜௜
݊௜ା

ൈ 100 (2)

For each of the above-mentioned parameters, the error/uncertainty analysis has also been performed 

by calculating variance, standard error, and confidence intervals at 95% probability. For more 

information about the adopted equations refer to Olofsson et al. [6]. 

Moreover, in recent years Pontius and Millones [23] proposed two new parameters specifically 

intended for estimating the disagreement component between classified and reference datasets. The 

allocation disagreement (Equation (4)) is defined as the disagreement value that “is due to the less than 

optimal match in the spatial allocation of the categories” while the quantity disagreement (Equation (5)) 

is the part of disagreement “due to the less than perfect match in the proportion of the categories”. 
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2.2. Available Data 

2.2.1. GlobeLand30 

GlobeLand30 represents one of the first efforts in mapping a global land cover at 30 m resolution 

and it has been realized under the “Global Land Cover Mapping at Finer Resolution” project led by 

National Geomatics Center of China (NGCC). The dataset has been generated for the two baseline 

years of 2000 and 2010 and required the collection and classification of more than 10,000 scenes, 

primarily obtained from Landsat Thematic Mapper (TM) and Enhanced TM plus (ETM+) satellites; 

for the years 2010, also the images of the Chinese Environmental and Disaster (HJ-1) satellite were 

considered. For more details about the pixel-object-knowledge-based (POK-based) classification 

approach used to produce GlobeLand30 data, refer to Chen et al. [12].  

For the current study, GlobeLand30 is available in raster format with 6 different tiles covering the 

Italian territory; the data are provided in WGS84 (World Geodetic System 1984) reference system and 

UTM (Universal Transverse Mercator) projection: 3 tiles refer to UTM zone 32 N and 3 to UTM zone 

33 N. The legend is based on eleven land cover categories as shown in Figure 1. 
  

௜ܣܲ ൌ
݊௜௜
݊ା௜

ൈ 100 (3)
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Figure 1. GlobeLand30 data for the Italian territory. 

2.2.2. Italian Land Coverage Dataset 

As mentioned in Section 2.1, very detailed land cover maps have been produced for some Italian 

regions and, in most cases, they are available as open data for users. Table 1 lists the available regional 

datasets and specifies some characteristics to take into account in the benchmarking process; currently 

we have available data for eight out of twenty regions, and four of them provide data for comparison 

with both years GlobeLand30 maps. Figure 2 shows the eight regions of interest for comparison. It is 

evident that the geographic distribution cannot be considered representative for the whole of Italy.  

In fact the paper proposes statistics and indexes for single Italian regions. 

All the regional datasets are available in ESRI (Environmental Systems Research Institute) 

Shapefile format, but they refer to different years, different reference systems, and sources, like 

QuickBird or aerial photos interpretation. Furthermore the datasets scales range between 1:10,000 and 

1:25,000 with accuracies equal or better than 5 m. Finally, most of them are completely compliant with 

the CLC nomenclature, a hierarchical classification system based on three levels whose first level 

includes five classes: artificial surfaces, agricultural areas, forests and semi natural areas, wetlands 

and water bodies. 
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Table 1. Characteristics of the Italian datasets available for the study; it is worth noting 

that Bolzano and Trento are the two Autonomous Provinces of Trentino-Alto Adige region. 

(ETRS: European Terrestrial Reference System; TM: Transverse Mercator). 

Dataset Year Reference System 

LOMBARDY  
1999–2000 

WGS84/UTM zone 32N 
2012 

LIGURIA 
2000 

ETRS89/UTM zone 32N 
2009–2012 

SARDINIA 
1997–2000 

Roma40/Gauss Boaga Ovest 
2003–2006 

EMILIA-ROMAGNA 
2003 

ETRS89/UTM zone 32N 
2008 

VENETO 2007–2009 Roma40/Gauss Boaga Ovest 

FRIULI VENEZIA GIULIA 2000 ETRS89/TM33 

BOLZANO  1992–1997 ETRS89/UTM zone 32N 

TRENTO  2000 ETRS89/UTM zone 32N 

ABRUZZO 1997 WGS84/UTM zone 33N 

 

Figure 2. Italian land coverage datasets currently available for the study. 
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2.3. Data Processing 

Due to the different characteristics in terms of format, legend, scale and reference system between 

GlobeLand30 and the Italian regional maps, a data pre-processing phase was required before 

calculating the confusion matrix and its derived statistics; the workflow carried out on each dataset is 

shown in Figure 3, which highlights the main steps needed for all the datasets (continuous boxes) 

together with the additional ones applied only to some maps (dashed boxes).  

As reported in the workflow, the first main step of the data processing involves the rasterization of 

the Italian vector datasets in order to allow the benchmarking with the GlobeLand30, which is 

provided in raster format. Taking into account the different levels of detail of the two datasets, we 

decided to calculate two raster maps characterized by cell sizes, respectively, equal to 30 m and 5 m: 

the former corresponds to the GlobeLand30 resolution; the latter is representative of the regional data. 

Two methods of rasterization, center and area prevalence [24], were compared. This step led to the 

generation of three raster maps: 30 m and 5 m with the rasterization center method and 30 m with the 

area prevalence one. All these maps were used in the subsequent steps to evaluate if the rasterization 

resolution and method can significantly affect the comparison results. 

 

Figure 3. Data processing workflow performed on Italian datasets and GlobeLand30 

(GL30). Dashed boxes represent additional steps required for only some datasets. 

The reclassification is the other important step highlighted in the workflow as no comparison 

process can be carried out since GlobeLand30 and the Italian datasets are characterized by different 

thematic classifications. Both of the maps were reclassified according to the same legend; in particular, 

two classification methods were considered. The first legend (hereinafter referred as “first 

reclassification method”) was based on the first five levels of CLC nomenclature previously listed 

(artificial surfaces, agricultural areas, forests and semi natural areas, wetlands and water bodies). 
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Considering the wide availability of GlobeLand30 classes for forests and semi natural areas Corine 

category, a second thematic legend (hereinafter referred as “second reclassification method”) was 

defined by replacing this class with four subclasses (forests, grass and/or herbaceous vegetation 

associations, open spaces with little or no vegetation, glaciers and perpetual snow). As shown in 

Table 2, GlobeLand30 classes have a good correspondence with the new ones and were easily 

reclassified as well as the Italian Corine-based datasets, which automatically led back to the first level 

of classification; not completely CLC compliant datasets were instead reclassified by manually 

assigning to each category the more suitable Corine class. It is worth noting that, in some cases, errors 

due to interpretation of ambiguous classes may have been introduced. 

Table 2. First and second reclassification methods: correspondence between GlobeLand30 

and Corine classes. 

Corine Legend GlobeLand30 Legend 

1 Artificial surfaces 1 Artificial cover 

2 Agricultural areas 2 Croplands 

3 Forests and semi natural areas 
3 Mixed forest, Broadleaf forest, Coniferous forest,  

Grass, Shrub, Bare land, Permanent ice or snow 

OR OR 

3.1 Forests 3.1 Mixed forest, Broadleaf forest, Coniferous forest 

3.2 Scrub and/or herbaceous vegetation associations 3.2 Grass, Shrub 

3.3.0 Open spaces with little or no vegetation 3.3.0 Bare land 

3.3.5 Glaciers and perpetual snow 3.3.5 Permanent ice or snow 

4 Wetlands 4 Wetlands 

5 Water bodies 5 Water 

Besides the main above-mentioned steps, some case studies required further additional procedures 

to enable the land cover maps comparison. Some Italian datasets were available in a different reference 

system compared with GlobeLand30; therefore a re-projection procedure was performed; on the other 

hand, Italian regions often cover different GlobeLand30 tiles, corresponding to different UTM zones: 

in this case both a re-projection and a merging of the tiles were needed to obtain a unique 

GlobeLand30 map. Finally, GlobeLand30 and the Italian datasets present differences in the 

identification of the coastline, mainly due to their different level of detail; although the pixels involved 

are few compared to the total (less than 0.50%), they could alter the estimate of user and producer 

accuracy for the smallest classes. Therefore a raster editing procedure was needed to take into account 

the error around this line. As the sea is not considered in the classification (null value), in some cases a 

classified pixel on one map corresponds to a null cell on the other; in order to solve this problem a new 

class was added; this class contains the areas equal to sea at least in one of the two maps.  

As shown in the workflow, once the two datasets were reclassified, a first comparison was carried 

out. A second comparison, similar to what was done in Gallego [25], was then performed to evaluate 

the influence of the GlobeLand30 co-location tolerance on the classification quality, as it was 

evaluated by the data producers (70 m): this means that a pixel could be located in a buffer of 70 m 

with respect to its true position. Classification errors due to this spatial mismatching should be 

particularly evident at the border between two different classes. To verify this behavior, all cells 
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belonging to a buffer of 70 m around GlobeLand30 classes border were eliminated and the confusion 

matrix and statistics were calculated on the other pixels. 

3. Results and Discussion 

This section shows the outcomes of the benchmarking between the GlobeLand30 data and the 

Italian regional datasets. In order to avoid a long and repetitive report about all the different statistics 

calculated for each Italian region, we decided to propose with larger details only the accuracies 

obtained for a single case study, the Lombardy Region, and provide a general summary of the other 

regional results. 

3.1. Lombardy Case Study  

In line with the INSPIRE Directive recommendations, the Lombardy Region has launched the 

development of Infrastructure for Spatial Information with the aim of collecting and sharing the 

regional geographical data that are thus made easily accessible to users. Among the several datasets 

and services provided, the Infrastructure includes the DUSAF (“Destinazione d’Uso dei Suoli Agricoli 

e Forestali”) Database [26], a valuable instrument to monitor land cover regional changes.  

DUSAF, Italian acronyms for “Use Categories of Agricultural and Forest Soil”, is a land cover 

database created in 2000–2001 within a project funded by the Lombardy Region and carried out by the 

Regional Authority for Services to Agriculture and Forests (ERSAF) with the cooperation of the 

Regional Agency for the Protection of the Environment (ARPA). The database is periodically updated 

through the photointerpretation of aerial photos integrated with regional databases information and it is 

currently available for five temporal periods (Table 3). Each release is freely downloadable from 

Lombardy Region Geoportal [27] and includes a polygonal layer at 1:10,000 scale information that 

depicts the regional land use and cover. The adopted legend is structured in a hierarchical way and it is 

based on five levels of investigation: the first three levels comply with the CLC nomenclature while 

the fourth and fifth ones represent additional levels specifically intended for identifying characteristics 

of the Lombardy territory.  

Table 3. Characteristics of DUSAF database releases. 

Characteristics DUSAF 1.1 DUSAF 2.0 DUSAF 2.1 DUSAF 3.0 DUSAF 4.0 

Year 1999–2000 2005–2007 2007 2009 2012 

Extension Whole region Whole region Whole region Limited to some provinces Whole region 

Due to the wide availability of the Lombardy land cover maps, the benchmarking has been 

performed on both the GlobeLand30 datasets provided for years 2000 and 2010; in particular, a first 

comparison has been carried out between GlobeLand30 2000 and DUSAF1.1, since the two maps refer 

to the same year. Furthermore, a comparison between GlobeLand30 2010 and DUSAF4.0, which has 

been selected for its areal completeness instead of DUSAF3.0, has been performed. This analysis was 

preceded by an evaluation of differences between DUSAF3.0 and DUSAF4.0 in their overlapping 

areas, an evaluation that highlights an agreement of 99.8% between the two maps.  
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Figure 4 shows the processing steps performed on the datasets for the benchmarking analysis. Since 

both the datasets are provided in the WGS84/UTM32N reference system and the Lombardy case study 

does not present problems with coastlines, no re-projection and raster editing steps were necessary. 

Thus, only the rasterization and reclassification procedures were applied to DUSAF maps, whereas 

GlobeLand30 data required, before the reclassification and buffering, an additional step in order to 

merge the two tiles covering the case study area. 

 
Figure 4. Lombardy Region case study: data processing workflow performed on DUSAF 

and GlobeLand30 (GL30) datasets. (DUSAF, Italian acronyms for “Use Categories of 

Agricultural and Forest Soil”). 

3.1.1. Comparison between GlobeLand30 2000 and DUSAF1.1 

Table 4 reports the overall results obtained from the comparison that has been performed between 

DUSAF1.1 and GlobeLand30 2000; both maps have been reclassified according to the first 

reclassification method (CLC first level) mentioned in Section 2.3. The most recommended statistics, 

such as overall accuracy (confidence intervals at 95% probability), allocation disagreement and quantity 

disagreement, have been calculated for two different cases (with and without buffer application) and, for 

each of them, three resolution datasets (30 m, 30 m “prevalence”, and 5 m) have been considered. 

Regarding the no buffer case, the statistics show the high values for the OA coefficient, 86%, and 

the disagreement percentage mainly due to the allocation component, of 11%, rather than the 

quantitative one, of only 2%. Moreover, the removal of the cells influenced by co-location tolerance 

(applied in the buffer case) leads to a reduction of the AD value by 4%, which explains the consequent 

increase of the OA value, from 86% to 90%. In both the considered cases, the analysis of the data 

highlights that there are no significant changes in the results with different input dataset resolutions.  

In addition to the above presented general results, specific statistics have been derived from the 

confusion matrix in order to better understand the accuracy distribution among the CLC classes 

(artificial surfaces, agricultural areas, forests and semi natural areas, wetlands, water bodies);  

Figure 5 presents the per-class values of user accuracy and producer accuracy, divided as usual into the 

different cases of no buffer and buffer. Table 5 reports the confidence intervals at 95% probability 

calculated for PA and UA indexes. Since input resolution does not imply changes in the results, the 

proposed statistics refer only to the 30 m resolution dataset.  
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Table 4. Comparison between GlobeLand30 2000 and DUSAF1.1 (I reclassification): 

overall statistics and number of samples for the two cases of no buffer and buffer and for 

different resolutions. OA: overall accuracy (confidence intervals at 95% probability); AD: 

allocation disagreement; QD: quantity disagreement. 

Case Study Resolution OA (%) AD (%) QD (%) Samples (-) 

NO BUFFER 

30 m 86.4 ± 0.013 11.6 2.0 26,520,624 

30 m (prevalence) 86.5 ± 0.013 11.5 2.0 26,547,419 

5 m 86.3 ± 0.002 11.7 2.0 954,739,157 

BUFFER 

30 m 90.5 ± 0.012 7.4 2.0 22,691,322 

30 m (prevalence) 90.6 ± 0.012 7.3 2.0 22,714,156 

5 m 90.8 ± 0.002  7.1  2.0 800,454,633 

 

Figure 5. Comparison between GlobeLand30 2000 and DUSAF1.1 (I reclassification): 

per-class statistics referred to 30 m resolution input datasets. C1: artificial surfaces, C2: 

agricultural areas, C3: forest and semi natural areas, C4: wetlands, C5: water bodies. 

Table 5. Comparison between GlobeLand30 2000 and DUSAF1.1 (I reclassification):  

per-classes confidence intervals at 95% probability calculated for user (UA) and producer 

accuracies (PA); data refer to 30 m resolution input datasets. 

Index 
C1 C2 C3 C4 C5 

No Buffer Buffer No Buffer Buffer No Buffer Buffer No Buffer Buffer No Buffer Buffer 

UA ±0.046 ±0.045 ±0.020 ±0.018 ±0.019 ±0.018 ±0.663 ±0.821 ±0.059 ±0.027 

PA ±0.042 ±0.050 ±0.016 ±0.015 ±0.017 ±0.015 ±0.394 ±0.507 ±0.067 ±0.061 

The data analysis identifies water bodies, forests and semi natural areas and agricultural areas as 

the best detected CLC classes, with accuracies in the no buffer case always greater than 85%;  

in particular, water bodies class registers the maximum value of UA, equal to 92%, while forest and 

semi natural areas is the class with the greatest PA percentage, with 90%; artificial surfaces class 

presents a high UA value, around 80%, while the PA, compared to the other mentioned classes, 

decreases to 69%. Finally, results highlight major difficulties in the detection of the wetlands class, 

which is characterized by lower values of accuracies (62% for UA and 37% for PA). However, the 

smaller accuracy does not affect in a significant way the overall accuracy values for Lombardy due to 

the fact that this class covers only 0.1% of the whole region. With regard to the buffer case, as already  
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noted above, the buffer cells removal allows us to obtain further improvement in all the considered 

statistic values. 

A second comparison between GlobeLand30 2000 and DUSAF1.1 has been conducted with regard 

to the second reclassification method, which divides the forests and semi natural areas class into the 

four subclasses: forests, herbaceous and/or grass vegetation associations, open spaces with little or no 

vegetation, glaciers and perpetual snow. The comparison between the first method results (Table 4) 

and the new calculated statistics (Table 6) shows that the introduction of a greater level of 

classification detail entails an increase of both the allocation and quantity disagreement values; 

consequently, the OA value decreases: from 86% to 77% in the no buffer case, and from 90% to 82% 

in the buffer case. 

Table 6. Comparison between GlobeLand30 2000 and DUSAF1.1 (II reclassification): 

overall statistics and number of samples for the two cases of no buffer and buffer and for 

different resolutions. OA: overall accuracy (confidence intervals at 95% probability); AD: 

allocation disagreement; QD: quantity disagreement. 

Case Study Resolution OA (%) AD (%) QD (%) Samples (-) 

NO BUFFER 

30 m 77.2 ± 0.015 18.0 4.9 26,520,624 

30 m (prevalence) 77.3 ± 0.015 17.8 4.9 26,547,419 

5 m 77.1 ± 0.003 18.0 4.9 954,739,157 

BUFFER 

30 m 82.0 ± 0.015 12.8 5.2 21,531,919 

30 m (prevalence) 82.2 ± 0.015 12.7 5.1 21,551,669 

5 m 82.4 ± 0.003 12.4 5.2 753,490,062 

 

Figure 6. Comparison between GlobeLand30 2000 and DUSAF1.1 (II reclassification):  

per-class statistics referred to 30 m resolution input datasets. C31: forests; C32: herbaceous 

or/and grass vegetation associations; C330: open spaces with little or no vegetation; C335: 

glaciers and perpetual snow. 

Among the newly derived classes (Figure 6), forests are classified with the best accuracies (75% for 

UA and 81% for PA) while the herbaceous and/or grass vegetation associations is the class with the 

lowest accuracies, below 35%. The open spaces with little or no vegetation and the glaciers and 

perpetual snow classes present an opposite behavior: the former registers a high user accuracy (70%) 

with respect to the producer one (43%), the latter is characterized by a UA equal to 24% and a PA of 
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73%. The same trends observed with regard to the no buffer case statistics are valid also for the buffer 

case ones. Table 7 shows the calculated confidence intervals at 95% probability for UA and PA indexes. 

Table 7. Comparison between GlobeLand30 2000 and DUSAF1.1 (II reclassification): 

per-classes confidence intervals at 95% probability calculated for user (UA) and producer 

accuracies (PA). Data refer to 30 m resolution input datasets. 

Index 
C31 C32 C330 C335 

NO BUFFER BUFFER NO BUFFER BUFFER NO BUFFER BUFFER NO BUFFER BUFFER 

UA ±0.032 ±0.034 ±0.071 ±0.084 ±0.083 ±0.092 ±0.136 ±0.170 

PA ±0.027 ±0.026 ±0.061 ±0.069 ±0.046 ±0.052 ±0.235 ±0.265 

3.1.2. Comparison between GlobeLand30 2010 and DUSAF4.0 

The same comparison analyses performed between GlobeLand30 2000 and DUSAF 1.1 have also 

been carried out on the datasets referred to year 2010 (GlobeLand30 2010 and DUSAF4.0). Table 8 

reports the overall statistics related to the first classification method and calculated for different 

resolutions and for the two cases of no buffer and buffer. Data show a behavior similar to that observed 

in the previous datasets comparison: considering the no buffer case, OA value amount to 86% and 

input resolution variations can be considered negligible (no significant changes in the results were 

highlighted). Furthermore, the removal of co-location tolerance buffer cells entails an increase in OA 

of about 4%; this is mostly due to a reduction in the AD value, from 9.8% to 6.3%–6.6%. 

Table 8. Comparison between GlobeLand30 2010 and DUSAF4.0 (I classification): 

overall statistics and number of samples for the two cases of no buffer and buffer and for 

different resolutions. OA: overall accuracy (confidence intervals at 95% probability); AD: 

allocation disagreement; QD: quantity disagreement. 

Case Study Resolution OA (%) AD (%) QD (%) Samples (-) 

NO BUFFER  

30 m 86.2 ± 0.013 9.8 4.0 26,520,835 

30 m (prevalence) 86.3 ± 0.013 9.8 3.9 26,547,614 

5 m 86.1 ± 0.002 9.9 4.0 954,746,538 

BUFFER 

30 m 90.3 ± 0.012 6.6 3.1 22,678,952 

30 m (prevalence) 90.4 ± 0.012 6.5 3.0 22,701,839 

5 m 90.7 ± 0.002 6.3 3.0 798,071,817 

Among the CLC classes (Figure 7), water bodies, agricultural areas and forests and semi natural areas 

are detected with the best accuracies, always greater than 80%. Considering the no buffer case, the water 

bodies class reaches the maximum value for UA (95%) while the agricultural areas class is characterized 

by the best PA (about 90%); wetlands is the class with the lowest values of accuracies (below 40%).  

Table 9 presents the calculated confidence intervals at 95% probability for PA and UA indexes. 

Focusing on the second reclassification method, statistics (Table 10) highlight an increase of the 

allocation and quantity disagreement percentages and the consequent decreasing in overall accuracies, 

which assume values around 80% for the no buffer case and 85% for the buffer one. Compared to the 

results obtained for the year 2000 (Table 6), the overall accuracies are up to 3% higher: this is 
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explained by the significant improvements observed in sub-classes detection, particularly noticeable in 

the open spaces with little or no vegetation and the glaciers and perpetual snow classes. As can be 

seen in Figure 8, the latter represents the best classified land coverage and it is characterized by values 

of UA and PA, respectively, equal to 89% and 82% (in no buffer case); also forests and open spaces 

with little or no vegetation have high accuracies, around 80%, while herbaceous and/or grass 

vegetation associations is instead the worst identified class. Table 11 reports the confidence intervals 

at 95% probability calculated for UA and PA indexes. 

 

Figure 7. Comparison between GlobeLand30 2010 and DUSAF4.0 (I reclassification): 

per-class statistics referred to 30 m resolution input datasets. C1: artificial surfaces, C2: 

agricultural areas, C3: forest and semi natural areas, C4: wetlands, C5: water bodies. 

Table 9. Comparison between GlobeLand30 2010 and DUSAF4.0 (I reclassification):  

per-classes values of confidence interval at 95% probability calculated for user (UA) and 

producer accuracies (PA); data refer to 30 m resolution input datasets. 

Index 
C1 C2 C3 C4 C5 

No Buffer Buffer No Buffer Buffer No Buffer Buffer No Buffer Buffer No Buffer Buffer 

UA ±0.045 ±0.038 ±0.021 ±0.020 ±0.018 ±0.017 ±0.524 ±0.751 ±0.446 ±0.019 

PA ±0.038 ±0.046 ±0.016 ±0.015 ±0.017 ±0.015 ±0.418 ±0.513 ±0.069 ±0.065 

Table 10. Comparison between GlobeLand30 2010 and DUSAF4.0 (II classification): 

overall statistics and number of samples for the two cases of no buffer and buffer and for 

different resolutions. OA: overall accuracy (confidence intervals at 95% probability); AD: 

allocation disagreement; QD: quantity disagreement. 

Case Study Resolution OA (%) AD (%) QD (%) Samples (-) 

NO BUFFER 

30 m 79.8 ± 0.015 16.1 4.0 26,520,835 

30 m (prevalence) 80.0 ± 0.015 16.0 3.9 26,547,614 

5 m 79.8 ± 0.002 16.2 4.0 954,746,538 

BUFFER 

30 m 85.0 ± 0.015 10.7 4.2 21,492,287 

30 m (prevalence) 85.2 ± 0.015 10.7 4.2 21,513,333 

5 m 85.6 ± 0.002 10.2 4.2 749,419,192 
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Figure 8. Comparison between GlobeLand30 2010 and DUSAF4.0 (II reclassification): 

per-classes statistics referred to 30 m resolution input datasets. C31: forests; C32: 

herbaceous or/and grass vegetation associations; C330: open spaces with little or no 

vegetation; C335: glaciers and perpetual snow. 

Table 11. Comparison between GlobeLand30 2010 and DUSAF4.0 (II reclassification): 

per-classes confidence intervals at 95% probability calculated for user (UA) and producer 

(PA) accuracies. Data refer to 30 m resolution input datasets. 

Index 
C31 C32 C330 C335 

No Buffer Buffer No Buffer Buffer No Buffer Buffer No Buffer Buffer 

UA ±0.031 ±0.032 ±0.074 ±0.089 ±0.057 ±0.057 ±0.210 ±0.148 

PA ±0.027 ±0.0003 ±0.059 ±0.001 ±0.050 ±0.0005 ±0.229 ±0.02 

3.2. Italian Area  

The benchmarking methodology proposed for the Lombardy Region has been adopted for all the 

available Italian datasets; in the following a summary of the results is proposed for both years 2000 

and 2010. All the statistics refer to the 30 m resolution case study. In all the cases considered, the 

confidence intervals at 95% probability are, at most, equal to 1%, so we decided not to report them.  

3.2.1. Comparison between GlobeLand30 2000 and Italian Datasets 

Figure 9 shows, for each regional dataset, the values of overall accuracy, allocation and quantity 

disagreement obtained through the first reclassification method in no buffer case. The results highlight 

that GlobeLand30 presents an OA that ranges between 81% (Liguria) and 92% (Autonomous Province 

of Bolzano). In most cases, the percentage of disagreement is almost equally divided between AD and 

QD; the only exceptions are represented by the Liguria and Abruzzo case studies that, as observed also 

for the Lombardy one, present values of AD significantly higher than QD. Generally, 3%–4% overall 

accuracy can be gained if the co-location tolerance influence is taken into consideration (buffer case). 

More in detail, by analyzing user and producer accuracy values (calculated for each dataset and for 

each Corine class, as shown in Figures 10 and 11) it is possible to identify forests and semi natural 

areas as the best detected class: with regard to this class, the trend is homogeneous for all  

datasets, with UA and PA values generally higher than 80%. Other classes are characterized by a 
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variable behavior among the different regions, which is particularly marked with regard to water 

bodies and wetlands. 

 

Figure 9. Comparison between GlobeLand30 2000 and Italian regional datasets  

(I reclassification, no buffer case): overall accuracy (OA), allocation disagreement (AD), 

quantity disagreement (QD) for each dataset. 

 

Figure 10. Comparison between GlobeLand30 2000 and Italian regional datasets  

(I reclassification, no buffer case): user accuracies for each class and dataset. 

 

Figure 11. Comparison between GlobeLand30 2000 and Italian regional datasets  

(I reclassification, no buffer case): producer accuracies for each class and dataset. 

Considering the second classification method, results presented in Figure 12 show for all the 

datasets a general lowering in accuracies values, variables between 67% (Sardinia) and 81%  

(Emilia-Romagna); this is mostly due to an increase of the allocation disagreement, which is 

particularly high (about 13%–14%) for the Sardinia Region and the Autonomous Provinces of Trento 

and Bolzano. The analysis of the results shows that among the sub-classes forests is classified with the 

best accuracies, generally over 70% in most of the Italian regions.  
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Finally, the comparisons performed in the buffer case showed an increase in overall accuracy of 

about 4%–5%. 

 

Figure 12. Comparison between GlobeLand30 2000 and Italian regional datasets  

(II reclassification, no buffer case): overall accuracy (OA), allocation disagreement (AD), 

quantity disagreement (QD) for each regional dataset. 

3.2.2. Comparison between GlobeLand30 2010 and Italian Datasets 

The overall statistics obtained from the comparison according to the first classification method and 

the no buffer case between GlobeLand30 and the five available Italian datasets for the year 2010 are 

reported in Figure 13 and show that the overall accuracy values vary between 81% (Sardinia) and 86% 

(Lombardy); an increase of about 3%–4% could be achieved through the application of the buffer 

method, which allows us to considerably reduce the allocation disagreement. As observed for the year 

2000, forests and semi natural areas is the class identified with the best accuracies for all the 

considered datasets, while the other classes are characterized by variable behavior (Figures 14 and 15). 

Finally, the bar chart proposed in Figure 16 shows the overall statistics resulting by applying the 

second classification method and it highlights, once again, a significant increase of disagreement 

values that entail a decrease in OA percentages: new values vary between 62% (Sardinia) and 80% 

(Lombardy and Emilia-Romagna). The application of the buffer case leads to a general increase of OA 

of about 3%–5%. 

 

Figure 13. Comparison between GlobeLand30 2010 and Italian regional datasets  

(I reclassification, no buffer case): overall accuracy (OA), allocation disagreement (AD), 

quantity disagreement (QD) for each dataset. 
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Figure 14. Comparison between GlobeLand30 2010 and Italian regional datasets  

(I reclassification, no buffer case): user accuracies for each class and dataset. 

 

Figure 15. Comparison between GlobeLand30 2010 and Italian regional datasets  

(I reclassification, no buffer case): producer accuracies for each class and dataset. 

With respect to the sub-classes, forests is the best detected class with UA and PA values 

higher than 75% in most cases. 

 

Figure 16. Comparison between GlobeLand30 2010 and Italian regional datasets  

(II reclassification, no buffer case): overall accuracy (OA), allocation disagreement (AD), 

quantity disagreement (QD) for each regional dataset. 

4. Conclusions  

Depending on the different reclassification scheme considered, the assessment of the thematic 

accuracy performed between GlobeLand30 and eight different Italian regional land coverage maps, 

does not show negligible differences in the overall accuracy values. In fact, the first reclassification 

method, based on the five Corine classes, allows overall accuracy to be obtained between 81% and 

92% (both for 2000 and 2010). While the second classification approach, based on Corine subclasses, 
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leads to overall accuracies that vary between 62% and 81%. As expected, the subdivision of a broad 

class in more detailed subclasses determines greater difficulties in the detection process. 

Whatever the level of classification is, one part of the disagreement observed between GlobeLand30 

and regional datasets can likely be attributed to the fact that, in some cases, the images are taken in 

different time periods (see Table 1); another part can be due to the different thematic classification and 

resolution used by the original developers. Moreover, the co-location tolerance can also play an 

important role: in fact, if we eliminate the amount of the disagreement due to this factor by introducing 

a buffer around the class polygon borders, the overall accuracy for both the reclassification methods 

increases (84% to 96 % in the former case, 65% to 86% in the latter one). 

Another important point of discussion is related to the reference data. Although used in the 

benchmarking as an accurate representation of reality, they are in fact another type of classification 

that may also contain errors. These errors are by default included in the comparison analysis and they 

can cause bias to the accuracy assessment [28,29]. Even though the reference data accuracy is adequate 

for assessing the Globeland30 quality, a further analysis on the quality of the reference data itself could 

be taken into account in future research. Traditional monitoring done in situ by experts and new 

approaches based on the citizen science paradigm [30] will be applied. Moreover, some other 

theoretical and practical items have to be considered. First of all we want to make some analysis about 

co-variance and correlation of errors associated with the different classes. Secondly, we want to 

complete the analysis considering the detailed Italian land cover maps for the remaining regions.  

More in general, considering that different organizations have more or less independently been 

producing land cover maps, we can summarize the following problems: 

1. The classification methods used are heterogeneous; 

2. The number and type of classes is not the same; and 

3. Some land coverage areas have been misclassified due to various problems related to image 

acquisition (period of the year, geometric and radiometric correction, etc.) or processing. 

With respect to these problems, the implementation of an intelligent and open global land coverage 

geo-platform will allow scientists to share data and citizen to participate for the improvement of the 

land cover classification quality. This can be obtained by providing web-based services to share and 

compare land cover data sets, to evaluate the coherency, to highlight the differences between the 

uploaded land cover maps and to solve these differences, exploiting geo-visualization and  

geo-crowdsourcing by means of mobile platforms. VIEW-IT (Virtual Interpretation of Earth  

Web-Interface Tool) [31] and Geo-Wiki Project [32] are examples of such kind of platforms. 
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