S

‘ﬂriﬁi\&

PFG 2014/ 5, 0393-0407
Stuttgart, October 2014

Article

Improving Land Cover Maps in Areas of Disagreement
of Existing Products using NDVI Time Series of MODIS

— Example for Europe

Francesco VuoLo & CLEMENT ATzBERGER, Vienna, Austria

Keywords: classification, land cover, random forest, accuracy / confidence, time series, NDVI

Summary: Regional to global scale land cover
(LC) information is one of the most important in-
puts to various models related to global climate
change studies, natural resource use and environ-
mental assessment. This paper presents a method-
ology to derive land cover maps using time series of
moderate-resolution imaging spectroradiometer
(MODIS) 250 m normalized difference vegetation
index (NDVI). An example for Europe is produced
using the random forest (RF) classifier. For the ac-
curacy assessment, the overall performance of our
classification product (BOKU, Universitat fiir
Bodenkultur) is compared to the one of three exist-
ing LC maps namely GlobCover 2009, MODIS land
cover 2009 (using the IGBP classification scheme)
and GLC2000. Considered GlobCover and IGBP,
the assessment is further detailed for areas where
these two maps agree or disagree. The BOKU map
reported an overall accuracy of 71%. Classification
accuracies ranged from 78% where IGBP and
GlobCover agreed to 63% for areas of disagree-
ment. Results confirm that existing LC products are
as accurate as the BOKU map in areas of agreement
(with little margin for improvements), while classi-
fication accuracy is substantially better for the
BOKU map in areas of disagreement. Two pixel-
based measures of confidence of classification were
derived, which showed a strong correlation with
classification accuracy. The study also confirmed
that RF provides an unbiased estimation of the er-
ror (out-of-bag) and therefore eliminates the need
for an independent validation dataset.
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Zusammenfassung: Verbesserung von Landbede-
ckungskarten in Gebieten widerspriichlicher
Grundlagen mit Hilfe der NDVI-Zeitreihe von MO-
DIS — Beispiel fiir Europa. Verlissliche regionale
bis globale Informationen iiber die aktuelle Land-
bedeckung sind von grofter Bedeutung fiir Fragen
des Klimaschutzes, des Managements natiirlicher
Ressourcen sowie fiir Umweltbewertungen. Der
vorliegende Beitrag beschreibt ein innovatives Ver-
fahren, um Landbedeckungskarten aus Zeitreihen-
daten des Umweltsatelliten MODIS in 250 m Bo-
denauflosung zu generieren. Das iiberwachte Klas-
sifikationsverfahren basiert auf multiplen Entschei-
dungsbdumen (Random Forest Classifier) und ver-
wendet Informationen tiber den temporalen Verlauf
der fernerkundlich erfassten Vegetationsdichte
(NDVI). Um die Qualitdt unserer europdischen
Landbedeckungskarte zu evaluieren, wird ein Ver-
gleich mit drei existierenden globalen Landbede-
ckungskarten durchgefiihrt: GlobCover 2009,
MODIS Land Cover 2009 (IGBP) und GLC2000.
Als Referenz dient ein aus Google Earth generier-
ter Referenzdatensatz basierend auf der visuellen
Interpretation einer grolen Anzahl von Referenz-
punkten. Fiir die vergleichende Evaluierung wird
zwischen Gebieten mit und ohne Ubereinstim-
mung zwischen IGBP und GlobCover Produkten
unterschieden. Die Landbedeckungskarte der Uni-
versitét fiir Bodenkultur (BOKU) erreicht eine Ge-
samtgenauigkeit von 71%. Die Klassifikations-
genauigkeit variert dabei zwischen 78%, wenn
IGBP und GlobCover iibereinstimmen, und 63% in
Gebieten ohne Ubereinstimmung der zwei Ver-
gleichskarten. Die BOKU Landbedeckungskarte
zeigt in Gebieten ohne Ubereinstimmung zwischen
IGBP und GlobCover eine deutliche Verbesserung
der Klassifikationsgenauigkeit. Die pixelweise ge-
nerierten Konfidenzmalle zeigen dariiber hinaus
eine deutliche Korrelation mit der erzielten Klassi-
fikationsgenauigkeit. Damit erhélt der Nutzer ein
detailliertes Bild tiber die zu erwartende Unsicher-
heitsmarge. Die Studie bestitigt, dass Random Fo-
rest eine ausgewogene (unbiased) Einschétzung der
Fehler (out-of-bag) bietet.
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1 Introduction

Reliable and regularly updated land cover
(LC) maps at medium spatial resolution and
with regional-to-global coverage are required
by land administrators, natural resource man-
agers and scientists working in climate and en-
vironmental modelling (HiBBARD et al. 2010).
During the past 15 years, various internation-
al initiatives have been focused on the opera-
tional production of land cover products using
satellite-based observations at a range of tem-
poral and spatial resolutions. For instance, the
European Commission’s Joint Research Cen-
tre coordinated the realization of the global
land cover 2000 (GLC2000) map using SPOT
vegetation data at 1 km for the year 2000
(BarTHOLOME & BELWARD 2005). At higher
spatial resolution, the European Space Agency
(ESA) promoted the GlobCover project (ARrI-
No et al. 2008) to produce a global land cover
map for the year 2005 and 2009 using MERIS
data at 300 m pixel size. The land cover team
at the Boston University recently released the
Collection 5 of the MODIS global land cover
type product (MCD12Q1) (FriepL et al. 2002,
2010). The product has a spatial resolution of
500 m (1 km in collection 4) and includes LC
products obtained with five different classifi-
cation systems, among them the International
geosphere-biosphere programme (IGBP) and
the University of Maryland (UMD) classifica-
tions. Of particular interest for the meteoro-
logical community is the ECOCLIMAP by
Météo France (Masson et al. 2003), with a re-
cent release of an improved version for Europe
at 1 km resolution (ECOCLIMAP-II/Europe)
(Faroux et al. 2013). ECOCLIMAP-II/Eu-
rope builds on existing land cover maps such
as GLC2000 and CORINE land cover 2000
(Bossarp et al. 2000) and on the analysis of
leaf area index data from MODIS and of nor-
malized difference vegetation index (NDVTI)
data from SPOT vegetation covering the pe-
riod 1999 — 2005. Within the ESA’s climate
change initiative (CCI), a new set of global
LC maps are also being generated using mul-
ti-sensor and multi-year observations (LaND-
COVER 2014).

Many studies have focused on dataset har-
monization (HeroLD et al. 2006, 2009), inter-
comparison (HErROLD et al. 2008, PFLUGMACHER

et al. 2011, ViNTROU et al. 2012) and synergy to
improve the consistency of existing products
(SEE & Fritz 2006, JunG et al. 2006, PErREZ-
Hovos et al. 2012, VancuTsewm et al. 2013) or to
extend their domain of application (FArROUX et
al. 2013). Despite the growing number of data-
sets, improved methods and joint efforts, land
cover classification remains a challenging task
due to the intrinsic high variability of class sig-
natures at regional and global scales, together
with the mixed pixel issues and class defini-
tion limitations. Most studies seem to agree
that an improvement is possible by combining
multiple input features (spectral- and tempo-
ral-observations), stratifications, e.g. based on
climatological products, different classifica-
tion approaches and by exploiting synergies
between existing land cover products.

Interestingly, SEE & Fritz (2006) described
a methodology to identify hotspots of disa-
greement between existing land cover prod-
ucts and to geographically focus reclassifica-
tion efforts. Liu et al. (2004) noted that high
agreement between two different classifi-
ers can lead to a higher accuracy. This trend
was confirmed by VuoLo & ATzBERGER (2012)
where it was experimentally demonstrated
that areas of thematic agreement between two
existing land cover maps are more reliable in
terms of classification accuracy compared to
areas of disagreement. Moreover, the work of
VuorLo & ATzBERGER (2012) showed that the
classification performance of areas of disa-
greement could be notably improved using
time series of NDVI from MODIS.

The scope of this paper is to extend the
concept explored in VuoLo & ATZBERGER
(2012) focusing on a larger dataset and in-
cluding an additional land cover product for
comparison. The paper is structured in three
main components. First, we present the over-
all performance of our classification product
(BOKU) and of three existing LC maps name-
ly GlobCover 2009, MODIS land cover 2009
(using the IGBP classification scheme) and
GLC2000. For this first comparison, valida-
tion focused on an independent dataset (vis-
ual interpretation of a large number of sam-
ple plots in Google Earth) not used during the
training phase. BOKU map was derived us-
ing a smoothed and gap-filled time series of
MODIS 250 m NDVI (average of multi-year



F. Vuolo & C. Atzberger, Improving Land Cover Maps

395

data centred on the year 2009) and the ran-
dom forest (RF) classifier. Classification was
stratified considering major European biogeo-
graphical regions. Then, we assessed the ac-
curacy for the areas of agreement and of disa-
greement between the existing LC maps. For
this detailed analysis we considered GlobCov-
er and IGBP because they are produced with a
similar spatial resolution and refer to the same
year (2009) as the BOKU map. Finally, we
produced a pan-European LC map and ana-
lysed the spatial pattern and the confidence of
classification in relation to existing products.
For this task, we exploited the entire reference
dataset and based the accuracy assessment on
the bootstrapped error estimates obtained dur-
ing the training process.

2 Materials and Methods

A methodology is described for producing re-
liable land cover maps focusing on broad (here
seven) LC classes. Only a few broad LC class-
es were chosen i) to provide a practical sepa-
ration between managed vegetation and natu-
ral vegetation, and ii) to keep some flexibility
and not preclude the possibility of compari-
sons with other LC schemes. The LC defini-
tions used in this study and the corresponding
MODIS IGBP (2009), GlobCover 2009 and
GLC2000 class codes are provided in Tab. 1.
Multi-temporal MODIS NDVI observa-
tions were used to characterize the variations

in growth patterns and phenology of differ-
ent vegetation covers (RODRIGUEZ-GALIANO et
al. 2012b). The image classification was per-
formed by the machine learning random for-
est (RF) algorithm, which is an ensemble of
decision trees.

2.1 Satellite Data and Pre-Processing

The input data used in this study consisted of
16-day NDVI composites from MODIS with
a 250 m pixel size. The MODIS NDVI com-
posite is a Level 3 product, calculated from
the Level 2 daily surface reflectance product
(MODO09 and MYDO09 series) (VERMOTE et al.
2002). Data were aggregated using the con-
strained view angle — maximum value com-
posite (CV-MVC) compositing method ina 16-
day interval (HUETE et al. 2002). The MODIS
NDVI is currently available from Terra and
Aqua platforms (MOD13Ql and MYDI13QI)
and the combined use of the two satellites pro-
vides time series with 8-day frequency.

In this study, we selected the year 2009 as
the pivotal year and considered a MODIS time
series of five years from the start of 2007 to
the end of 2011. The CV-MVC time series
were smoothed and interpolated to daily time
steps based on a state-of-the-art Whittaker
smoother (ATzBERGER & EILERS 2011a, 2011b,
ATKINSON et al. 2012). The smoothing/gap fill-
ing takes into account MODIS quality flags
and the exact composite date of each pixel. For

Tab.1: Land cover (LC) class codes and descriptions after aggregation of GlobCover 2009,
GLC2000 and MODIS IGBP 2009 products. Water was not classified but taken from a water mask

made for the MODIS satellite sensor data.

Generalized Land ~ GlobCover ~ GLC2000 MODIS IGBP Description
Cover Class 2009 Class Class 2009 Class

Cropland 11,14,20,30  23,16,17,18 12, 14 Agriculture and managed vegetation

Deciduous forest 50,60 23 3.4 Close to open deciduous broadleaf
trees

Evergreen forest 70,90 4 1.2 Close to open evergreen needleleaf
trees

Mixed forest 100 6,9 5 Mixed broadleaf and needleleaf trees

Shrubland 110,130,150 11,12,14 6,7,8 Shrub and sparse herbaceous

Grassland 120,140 13 9,10 Herbaceous vegetation, rangeland

Urban/built up 190 22 13 Urban, mixed urban or artificial land
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purposes of filtering in near-real-time (NRT),
shape constraints are used to minimize edge
effects. The shape constraints are derived
from the previous analysis of historical data.
The processing ensures a significant reduction
in high frequency noise and other artefacts re-
sulting from undetected clouds and poor at-
mospheric conditions. The final product re-
sulted in a filtered (smoothed and gap-filled)
time series with a 7-day interval (52 observa-
tions per year) integrating data from MODIS
Terra and Aqua platforms. The 5-year time se-
ries was summarized to provide 7-day inter-
annual averages (n = 52) and the correspond-
ing standard deviations (n = 52) for the period
2007 —2011. The 104 multi-temporal observa-
tions representing the inter-annual averages
and standard deviations centred on the year
2009 provided the main input for the land cov-
er classification. The various steps of the time
series data processing are exemplified in Fig. 1
for one arbitrarily selected MODIS pixel.

2.2 Reference Dataset

Similar to VuoLo & ATzBERGER (2012), the
reference dataset was generated by visual in-
terpretation of high spatial resolution images
available in Google Earth (GE). The reference
data was subsequently used to train the clas-
sification algorithm, to validate the results and
to compare our map with existing LC prod-
ucts. A software toolbox was used to assist the
display of GE images and to add the visually
determined LC label to each of the surveyed
point. This process was supported by the visu-

alization of the temporal curves of NDVI val-
ues for each point under survey. Two quality
indicators were also assigned: i) the confi-
dence of interpretation, and ii) the homogene-
ity of the area under interpretation. The first
index categorizes the uncertainties arising
while interpreting the high spatial resolution
images. The second index expresses the level
of pixel homogeneity observed in the GE high
spatial resolution images. A description of the
toolbox and quality flags can be found in Vuo-
L0 & ATZBERGER (2012).

In our first study VuoLo & ATZBERGER
(2012), we considered 1235 samples random-
ly selected over three core test sites in Europe
(Austria, France and Macedonia). For the pur-
pose of the present paper, we extended this
reference dataset to a total number of 6383
points (1235 samples acquired from the previ-
ous study, 2526 acquired over seven addition-
al core test sites and 2622 points to cover the
remaining territory). The selection procedure
was based on a random stratified sampling of
Europe’s main biogeographical regions (EEA
2012). Fig. 2 shows the extent of the study site.
The regions considered were: Alpine (1), Con-
tinental (5), Mediterranean (7), Pannonian
(8), Atlantic (10) and Boreal (11). The number
of samples for each region and land cover class
are presented in Tab. 2.

To reduce thematic errors in the reference
dataset caused by the visual interpretation and
spatial mismatch in the comparison of exist-
ing LC datasets, reference points that were
qualified as ‘Low homogeneity’ and/or ‘un-
sure’ (n = 1717) were excluded from further
analysis.
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Fig.1: a, b: Example of NDVI time series before and after filtering, c: temporal aggregation. Data
smoothing was achieved in one step from year 2006 to 2011 using the Whittaker smoother as
implemented at BOKU. The 104 features used for classification are shown in c: 52 mean values

and 52 corresponding standard deviations.
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The final dataset (n,,, = 4666) was randomly
split into two subsamples (training and vali-
dation). The first was solely used to train the
classification algorithm. Only the validation
samples were used to evaluate the classifica-
tion algorithm and to perform an intercompar-
ison with existing LC products.

Tab.2: Number of samples of the reference
dataset for each biogeographical region and
land cover type. The randomized division of
reference samples into training (n = 2342) and
validation data (n = 2324) was done by class
for each region.

Biogeographical region Total no.

1 5 7 8 10 11 samples
Cropland 78 695 450 59 186 68 1536
Deciduous F. 105 203 115 28 34 17 502
Evergreen F. 247 98 144 10 142 178 819
Mixed F. 124 231 67 7 49 122 600
Shrubland 103 25 194 1 42 14 379
Grassland 176 61 67 2 164 14 484
Urban 34 144 79 13 58 18 346

Total no. samples 867 1457 1116 120 675 431 4666

2.3 Classification Algorithm

The land cover classification was performed
by the machine learning random forest (RF)
algorithm, which is an ensemble of decision
trees. It uses bootstrap aggregating, i.c. bag-
ging, to create different training subsets to
produce a diversity of trees, each providing
a classification result. The output class is ob-
tained as the majority vote of the outputs of
a large number of individual trees (BREIMAN
2001).

The algorithm produces an internal unbi-
ased estimate of the generalization error, us-
ing the so-called ‘out-of-bag’ (OOB) samples
(which are not included in the training subset)
and provides a measure of the input features
importance through random permutation. The
randomized sampling leads to increased sta-
bility and better classification accuracy com-
pared to a single decision tree approach. RF
has been successfully applied in several clas-
sification problems achieving good results
(GisLasoN et al. 2006, RoDRIGUEZ-GALIANO et
al. 2012a, CoNrAD et al. 2013, ToscaNI et al.
2013).

Area (ki) 710 1959 1375 146 943 1016  x 1000 In this study we used a Matlab implemen-
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Fig.2: a: Map of the biogeographical regions used for the stratification of the land cover classifica-
tion, b: Reference dataset. The regions considered in this study were: Alpine (1), Continental (5),
Mediterranean (7), Pannonian (8), Atlantic (10) and Boreal (11). The study area comprises most of
the European area with a geographic extent from 10°00’'W to 30°00’E and 35°00°’N to 70°00’N.
Regions with higher density of sampling points correspond to “core sampling sites”.
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2009). The software requires the setting of
two parameters that are i) the number of trees
to be grown in the run (ntree) and ii) the num-
ber of features used in each split (mzry). Sever-
al studies demonstrated that the default model
parameters provide satisfactory results (Liaw
& WIENER 2002, Diaz-URIARTE & ALVAREZ DE
ANDRES 2006). We tested various combina-
tions of ntree and mtry, which did not signifi-
cantly affect the classification results. There-
fore, as suggested in the software manual
(BrREIMAN & CUTLER 2003), mtry was set equal
to the square-root of the total number of input
features (mtry = 10) using a sufficient number
of trees (1000 in our case) so that adding more
trees does not result in a significant perfor-
mance gain.

2.4 Accuracy Assessment and
Classification Confidence Score

The classification performance was based on
common statistical measures (Foopy 2002)
derived from the classification error matrix,
using solely validation samples. The selected
statistical measures included the overall accu-
racy (OA), the producer’s accuracy (PA) and
the user’s accuracy (UA). The two-side con-
fidence intervals (CI) for the OA were calcu-
lated at 95% confidence level using the normal
approximation method (Brown et al. 2001) in-
cluding a continuity correction. The statisti-
cal significance of the differences between
the pairs BOKU-GlobCover and BOKU-IGBP
was evaluated with the McNemar’s test with
continuity correction (SIEGEL 1956).

The OOB error was used to assess the per-
formance of the final pan-European LC map,
which was generated using the entire refer-
ence dataset (training and validation samples).
Two pixel-level measures of confidence of
land cover classification were also obtained.
A confidence score was calculated as the pro-
portion of votes of the winning class to the to-
tal number of trees used in the classification.
The higher the score, the more confident we
are that a class is correctly classified. The sec-
ond measure indicates the margin calculat-
ed as the proportion of votes for the winning
class minus the proportion of votes of the sec-
ond class.

3 Results

3.1 Accuracy of Land Cover
Classification

The overall accuracies (OA) for the four LC
maps produced by BOKU, IGBP, GlobCover
and GLC2000 are presented in Tab. 3 for each
biogeographical region and combined for all
regions. Compared to the independent set of
validation samples, BOKU achieved an OA of
71% (95% CI: 69% — 73%). The maps produced
by IGBP, GlobCover and GLC2000 reported
significantly lower OA ranging between 57%
(GLC2000) and 63% (IGBP). From the num-
bers reported in Tab. 3 we calculated the per-
centage of increase or decrease of the overall
accuracy of BOKU with respect to the other
LC products. In this comparison, BOKU re-
sulted 13%, 24% and 17% more accurate than
IGBP, GlobCover and GLC2000, respectively.
According to the two-tailed P-value, differ-
ences are considered to be extremely statisti-
cally significant (p < 0.001).

Regarding the six strata, and for all LC
products, the Boreal biogeographical region
was the least accurately classified. The Alpine
biogeographical was inaccurately classified in
all products, except BOKU. For the two men-
tioned regions GlobCover yielded the lowest
accuracy. Results are not surprising since data
samples in these two regions presented a lower
level of confidence in the visual interpretation
(due to the limited availability of high resolu-
tion images especially for the Boreal region)
and a lower quality in the MODIS data input.
The highest classification accuracies were ob-

Tab.3: Overall accuracy for BOKU, IGBP
(2009), GlobCover (2009) and GLC2000 for
each biogeographical region and combined.
All numbers refer to the independent validation
dataset not used during training.

BOKU IGBP  GlobCover GLC2000
Alpine (1) 4% 58%  47% 52%
Continental (5) 75% 70% 64% 61%
Mediterranean (7) ~ 67% 61% 58% 63%
Pannonian (8) 83% 79% 63% 76%
Atlantic (10) 2% 6%  60% 71%
Boreal (11) 58%  58%  49% 52%

Combined regions _ 71% 63% 57% 61%




F. Vuolo & C. Atzberger, Improving Land Cover Maps

399

SOPONN

SN

T T T
. i 1 00E 20°0'0°E
'\L IGBP | Globcover
0 230 300 1,000 1500 .
Km - Disagrea
[ lagree

Fig. 3: Thematic agreement and disagreement
between MODIS IGBP 2009 and GlobCover
2009.

z
i
S
£
&

tained for the Pannonian biogeographical re-
gion. The range of classification accuracies for
the different LC products was larger for A/-
pine region (47% — 74%), compared to Boreal
region (49% — 58%) region. For all regions,
BOKU gave the highest OA.

The class-specific accuracies were analysed
using the combined dataset. The error matri-
ces are presented in Tab. 4. In details, Crop-
land reported a very high accuracy for most
of the LC products, with producer’s and us-
er’s accuracies greater than 70% in all cases.
BOKU reported a very high producer’s accu-
racy for Cropland (86%), indicating a good
identification for all points visually interpret-
ed as this class. Errors in the user’s accuracy
were often due to confusion with Shrubland
and Urban. This result indicates that BOKU
produces an overestimation of Cropland class
with a commission error of 22%. A similar PA
was observed in IGBP, with lower user’s ac-
curacies due to confusion of Cropland with
Deciduous Forest and Grassland class. Re-
garding forest LC classes for BOKU, Decidu-
ous Forest class was classified with produc-
er’s and user’s accuracies of 67%, being often
confused with Mixed Forest class. Evergreen
Forest presented a higher accuracy with a
producer’s and user’s accuracies greater than

Tab. 4: Error matrix and statistical measures for BOKU, IGBP 2009, GlobCover and GLC2000. All
numbers refer to the independent validation dataset not used during training.

Reference
BOKU C DF EF MF S G U s UA
Cropland (C) 660 12 18 14 50 44 50 848 78%
Decid. F. (DF) 11 166 6 48 5 8 2 246 67%
Evergr. F.(EF) 22 15 304 56 19 15 1 432 70%
Mixed F. (MF) 23 47 51 172 2 12 0 307 56%
Shrubland (S) 18 2 13 1 90 17 3 144 63%
Grassland (G) 19 6 16 7 13 145 0 206 70%
Urban(U) 14 1 1 0 10 5 127 158 80%
> 767 249 409 298 189 246 183 2341
PA 86% 67% 74% 58% 48% 59% 69%
OA 71% (95% C.1.: 69%-73%)
Reference
GlobCover C DF EF MF S G U > UA
Cropland (C) 573 28 12 17 20 52 41 743 7%
Decid. F. (DF) 43 146 50 103 8 19 6 375 39%
Evergr. F. (EF) 5 8 215 46 35 8 1 318 68%
Mixed F. (MF) 7 25 8 96 8 5 0 225 43%
Shrubland (S) 70 12 39 11 99 74 7 312 32%
Grassland (G) 55 28 6 23 13 80 3 208 38%
Urban (U) 8 0o 2 0 0 4 124 138 90%
> 761 247 408 296 183 242 182 2319

PA 75% 59% 53% 32% 54%
OA 57% (95% C.1.: 55%-60%)

33% 68%

Reference
IGBP (2009) C DF EF MF S G U > UA
Cropland (C) 650 83 15 38 18 77 25 906  72%
Decid. F.(DF) 3 83 3 24 1 2 0 116 72%
Evergr. F. (EF) 9 12 219 45 11 13 7 316 69%
Mixed F. (MF) 27 63 106 176 7 12 3 394 45%
Shrubland (S) 49 6 41 10 143 62 20 331 43%
Grassland (G) 13 1 17 2 5 41 1 80 51%
Urban (U) 13 1 1 0 0 1 126 142 89%
> 764 249 402 295 185 208 182 2285
PA 85% 33% 54% 60% 77% 20% 69%
OA 63% (95% C.1.: 61%—65%)
Reference
GLC2000 C DF EF MF S G U > UA
Cropland (C) 630 51 34 28 23 55 62 883 71%
Decid. F.(DF) 33 144 26 58 12 18 5 296 49%
Evergr. F. (EF) 21 16 260 101 24 20 2 444 59%
Mixed F. (MF) 15 27 56 98 20 8 1 225 44%
Shrubland (S) 17 6 14 1 92 51 7 188 49%
Grassland (G) 46 5 15 10 10 89 3 178 50%
Urban(U) 2 0 1 2 1 3102 111 92%
> 764 249 406 298 182 244 182 2325

PA 82% 58% 64% 33% 51%
OA 61% (95% C.1.: 59%-63%)

36% 56%
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70%. Mixed Forest was often confused with
Deciduous or Evergreen Forest. This trend
was observed in all LC products, with addi-
tional confusion occurring between forest LC
classes and Cropland, in particular in IBGP,
with an omission error of 67%.

Shrubland presented the lowest PA in
BOKU being often confused with Cropland
and Evergreen Forest classes. This class was
overestimated with a commission error of
37%. Grassland was classified with a pro-
ducer’s accuracy of nearly 60% and a user’s
accuracy of 70%. BOKU notably improved
the classification accuracy for this class com-
pared to the other LC products. Regarding Ur-
ban class, all LC products provided a good
user’s accuracy (> 80%), with GlobCover and
GLC2000 achieving the best results. We ob-

served an omission error of about 20% — 30%
due to confusion of this class with Cropland.

3.2 Accuracy for Areas of Agreement
and Disagreement

The classification accuracy was also evaluated
separately for samples where GlobCover and
IGBP maps agreed and where these maps dis-
agreed. For this detailed analysis we consid-
ered only GlobCover and IGBP because they
have a similar spatial resolution (300 m and
500 m pixel size) and refer to the same year
(2009). The map of the areas of agreement and
disagreement between these two products is
presented in Fig. 3. The OA for BOKU, IGBP
and GlobCover are presented in Tab. 5 for each

Tab. 5: The overall accuracy for IGBP, GlobCover and BOKU for areas of agreement and of disa-
greement between IGBP and GlobCover, respectively. The OA was assessed using the independ-
ent validation dataset (n = 2324 samples, of which 1230 were in agreement and 1094 in disagree-

ment).
IGBP = GlobCover Total no. of IGBP # GlobCover Totalno. of
samples samples
IGBP GlobCover BOKU IGBP GlobCover BOKU

Alpine (1) 65% 65% 80% 226 50% 27% 68% 206
Continental (5) 88% 88% 84% 415 46% 31% 63% 311
Mediterranean (7) 78% 78% 73% 299 43% 36% 59% 257
Pannonian (8) 93% 93% 96% 28 60% 37% 70% 30
Atlantic (10) 80% 80% 72% 157 27% 43% 71% 180
Boreal (11) 76% 76% 68% 105 41% 22% 49% 110
Combined regions 79% 79% 78% 1230 43% 33% 63% 1094

Tab. 6: The overall accuracy (combined regions) for IGBP, GlobCover and BOKU for all possible
combinations of agreement among the three land cover products.

IGBP  GlobCover ~ BOKU 1ow@lno-of
samples
IGBP = GlobCover = BOKU 90% 90% 90% 941
IGBP = BOKU # GlobCover 70% 16% 70% 449
IGBP # BOKU = GlobCover 19% 72% 72% 316
IGBP = GlobCover # BOKU 44% 44% 40% 289
IGBP # GlobCover # BOKU 26% 15% 44% 329
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biogeographical region and combined. Results
for areas of agreement and disagreement are
presented separately.

In areas where GlobCover and IGBP agreed
(n = 1230), we found an overall classification
accuracy (combined regions) of 80% for IGBP
/ GlobCover and of 79% for BOKU. Percent-

WPODUW 1000 0700 10°00°E AF00TE

age differences between BOKU and the com-
bination of IGBP / GlobCover were not statis-
tically significant (p > 0.05). Regarding the
disagreement samples (n = 1094), we observed
a general decrease in OA. However, this re-
duction was only modest for BOKU (from
71% to 63%) compared to the dramatic drop in
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Fig.4: BOKU, IGBP, GlobCover and GLC2000 land cover maps.
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overall classification accuracy for GlobCover
and IGBP. For example, in the case of IGBP,
the overall classification accuracy dropped
from 63% to 44%. For GlobCover the OA de-
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Fig.5: Cumulative out-of-bag (OOB) error rate
for the BOKU LC map for each biogeographical
region. It shows how the OOB error changes
while adding more trees to the ensemble clas-
sifier.
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creased from 57% to 33%. Hence, for the dis-
agreement samples, BOKU resulted 43% and
95% more accurate compared to IGBP and
GlobCover, respectively. Particularly remark-
able improvements were achieved for Atlantic,
Alpine and Boreal regions (Tab. 5).

Classification results were further investi-
gated considering all possible combinations
of agreement (and disagreement) among the
three LC products and they are presented in
Tab. 6 for the combined biogeographical re-
gions. In the case of a complete agreement (n =
941), we found an overall classification accu-
racy of 90%, which notably decreases where
all products disagree (n = 329). Where BOKU
agrees either with IGBP or with GlobCover,
it achieved an OA greater than 70% indicat-
ing that our LC classification is more accurate
(from 63% up to 72%) in the case of agreement
with at least one of the two other LC products.
Finally, the OA resulted slightly higher for the
pair IGBP / GlobCover where they are in dis-
agreement with BOKU. However, this latter
combination presented the lower number of
events (n = 289).
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Fig. 6: a: Confidence scores for the BOKU LC map, b: Distribution of the confidence score values
for the six biogeographic regions (hnumber of bins = 100). A value of 1 indicates that all classifica-
tion trees voted for the same class (maximum possible score). With seven LC classes, the theo-

retical minimum is 1/7.
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3.3 Map Production

For producing the final map, we exploited the
entire reference dataset (n,, = 4666) without
splitting data in training and validation sam-
ples. Fig. 4 illustrates the BOKU map along
with IGBP, GlobCover and GLC2000 prod-
ucts. Fig.5 shows the cumulative OOB error
rate for each biogeographical region over the
1000 classification trees.

The total accuracy was obtained as the last
element of the OOB error rate minus one. The
combined region achieved an average accura-
cy of 72% (versus 71% with the independent
dataset) and of 75% (Alpine), 78% (Continen-
tal), 67% (Mediterranean), 78% (Pannonian),
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72% (Atlantic) and 65% (Boreal), respective-
ly. It is interesting to notice that these figures
were comparable to the accuracy measures
obtained from the independent validation
dataset (first column in Tab. 3). The analysis
of our dataset confirmed that the OOB error
rate provides an unbiased estimation of the er-
ror and therefore eliminates the need for an in-
dependent validation dataset (BREIMAN 2001).
However, we acknowledge that these accura-
cy measures might not be directly compara-
ble with the OA obtained with the independent
validation dataset since a different number of
samples was used.

Fig. 6 shows the confidence score map and
spatial distribution of score values. A score of
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Fig. 7: a: Relationship of the confidence score with the proportion of agreement, b: Relationship
of the confidence score with the classification accuracy, c: Relationship of the margin (defined as
the difference in votes between the winning class and the second best class) with the proportion
of agreement, d: Relationship of the margin with the classification accuracy. Each point represents
the average value of one of the seven land cover classes within each of the six biogeographical

regions (n = 42).
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1 indicates that all classification trees voted
for the same class, achieving the highest pos-
sible confidence.

Comparing Figs. 4 and 6, we notice that
the pattern of the confidence score shows
some spatial correlation with the land cover
type and a clear positive trend with the class-
specific accuracies. For instance, Cropland
achieved a higher confidence score (0.70 +
0.22 with a PA of 86%) compared to Grass-
land (0.49 £ 0.16 with a PA of 59%). A spatial
correlation was also observed with the areas
of agreement and disagreement between IGBP
and GlobCover (Fig. 3).

Fig. 7a and b show the relationship between
the confidence score and the proportion of
pixels in agreement (R? =0.52) and the clas-
sification accuracy (R? = 0.55), respectively.
Similarly, Fig. 7c and d show the scatterplots
between the classification margin and the pro-
portion of pixels in agreement (R? = 0.54) and
the classification accuracy (R? = 0.69), respec-
tively. In all cases we observed a correlation
showing that an increase in the confidence
score corresponds also to an increase in the
proportion of agreement and in the classifica-
tion accuracy. For this comparison we used
the producer’s accuracy obtained from the in-
dependent validation dataset for each region.

4 Conclusions

This work evaluated the land cover (LC) clas-
sification performance of the random forest
classifier using moderate-resolution imaging
spectroradiometer (MODIS) 250 m normal-
ized difference vegetation index (NDVI) time
series at pan-European scale. The classifica-
tion performance was compared to the overall
accuracies of three existing products, Glob-
Cover 2009, MODIS Land Cover Type IGBP
2009 and GLC2000. In particular, results were
evaluated with respect to pixels in agreement
and disagreement between GlobCover 2009
and MODIS IGBP 2009, i.e. 300 m and 500 m
pixel size respectively. All results were ob-
tained using harmonized legends with seven
land cover classes. This disjoint analysis was
performed to evaluate possible improvements
in classification accuracy where existing maps
are inconsistent (disagreement).

The results presented here expand our pre-
vious work (VuoLo & AtzBERGER 2012) and
confirmed that there is a high potential in us-
ing multi-year (here 2007 — 2011, centred on
the year 2009) time-series of MODIS 250 m
NDVT for land cover classification. NDVI-de-
rived BOKU LC maps achieved an overall ac-
curacy of 71%. When comparing our results
with the accuracy achieved by MODIS IGBP,
GlobCover and GLC2000 aggregated to seven
LC classes, we observed that BOKU LC map
clearly outperforms these three (global) land
cover products (see Tab. 4).

The findings at pan-European scale con-
firm that the classification accuracy of areas
of agreement is systematically higher com-
pared to areas where two (or more) maps disa-
gree. Moreover, results demonstrated that in
the case of the BOKU LC classification, the
accuracy of data points for areas of disagree-
ment was notably improved towards 43% and
to 95% compared to IGBP and GlobCover, re-
spectively (see Tab.5). As expected, an im-
provement for agreement points was difficult
to achieve, confirming that currently available
LC products are already relatively accurate in
areas of agreement (79% in our assessment
and 90% where IGBP, GlobCover and BOKU
agree).

Additionally, we analysed the consistency
of two measures of confidence of classifica-
tion, namely confidence score and margin.
The two measures were obtained at pixel-lev-
el as direct outputs of the (ensemble) decision
trees. We observed a clear relationship be-
tween the proportion of agreement/disagree-
ment, accuracy and the confidence score/mar-
gin (see Fig.7). Our results confirmed that
these measures provide a reliable indication
of confidence in classification for each pixel
(ImmiTzeR et al. 2012). For instance, the spatial
pattern of the confidence score showed spa-
tial correlation with the land cover type and —
more importantly — a clear positive trend with
the class-specific accuracies.

Regarding the bootstrapped error estimates
obtained from the out-of-bag (OOB) sam-
ples, it is interesting to notice that these fig-
ures were comparable to the accuracy meas-
ures obtained from the independent validation
dataset. Therefore, the analysis confirmed that
the OOB error rate provides an unbiased es-
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timation of the error and eliminates the need
for an independent validation dataset (BREi-
MAN 2001).

Given the currently available global data-
sets, the users of LC products should in our
opinion focus on combining existing maps and
identify areas of agreement and disagreement.
The accuracy of areas of spatial disagreement
could then be improved based for example on
the methodology proposed in this study. The
proposed methodology can be easily general-
ized to different legend definitions or levels of
land cover detail. This will help maximizing
the overall accuracy of the resulting final land
cover map as confirmed by our study.

Similar to several other studies (JunG et al.
2006, KaprTuE TcHUENTE et al. 2011, Fritz et
al. 2011, PrLugMAcHER et al. 2011), our work
confirmed that there is no clear preference of
one LC product compared to others. A selec-
tion will always have to be based on a specific
purpose or application.

Steps to further improve the accuracy of
land cover maps include, for instance, ensem-
bles of different algorithms for map produc-
tion based on multi-source datasets (BENE-
DIKTSSON et al. 2007). Subsequently, these
maps can be combined and synthetized in one
product based on decision fusion rules (WASKE
& BENEDIKTSSON 2007, UDELHOVEN et al. 2009).
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