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P. Gonçalves
INRIA, RESO – ENS Lyon, France; paulo.goncalves@inria.fr

M. Caetano
Portuguese Geographic Institute (IGP), Remote Sensing Unit, Lisbon, Portugal;
mario.caetano@igeo.pt

Keywords: MODIS, time-series, land cover characterization, Support Vector Machines

ABSTRACT: Automatic image classification often fails at separating a large number of
land cover classes that punctually may present similar spectral reflectances. To improve
the classification accuracy of such situations, multi-temporal satellite data has proven
valuable auxiliary information. In this paper, we present a study exploring the use
fulness of intra-annual satellite images time-series for automatic land cover classi-
fication. The reported work aims at producing a land cover classification of continental
Portugal from multi-spectral and multi-temporal MODIS satellite images acquired at
a 500-meter spatial resolution for the year 2000. We started our study by performing a
single date classification to define the month with the best score as a benchmark to
compare with classification accuracies obtained with sets of images from various dates.
Then, we considered various combinations of twelve intra-annual image observations
(one per month) to quantify the gain when integrating temporal information in the
classification process. Curiously, the results we obtained show that multi-temporal
information does not significantly improve overall classification accuracy, but in
particular it permits to discern between land cover classes that share similar reflectance
spectra while different from their phenology (indiscernible from single date observations).
Surprisingly also, we show that only few (typically 2) dates are sufficient to reach optimal
performance of our multi-temporal classifier. In our study we used a Support Vector
Machine learning approach.

1 INTRODUCTION

Remotely sensed images of the Earth’s surface have been widely used in the past
decades for deriving land cover information by means of automatic classification.
Commonly, land cover mapping involves single date image analyses. However, since
maximum discrimination between different land cover classes occurs at different stages in
the growth cycle of vegetation types, this approach has the drawback that not all
differences are incorporated in the procedure (Vieira et al. 2001). Thus, mapping of land
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cover often requires processing satellite images collected at different time periods and at
many spectral wavelengths (Maxwell et al. 2002). Multi-temporal satellite image datasets
provide valuable information on the phenological characteristics of vegetation, thereby
significantly increasing the accuracy of cover type classifications compared to single date
classifications (Maxwell et al. 2002a). This aspect is particularly important in the
production of medium scale land cover cartography to be used at regional and global
scales analyses. Remote sensors capable of providing such information over large regions
have usually a high temporal resolution but coarse spatial and spectral resolutions. In
these situations, the multi-temporal spectral information provide a valuable substitute for
the enhanced spectral and spatial characteristics of high resolution remote sensors (e.g.,
Landsat and SPOT), which were mainly exploited for automatic land cover classification.
Until recently, the Advanced Very High Resolution Radiometer (AVHRR), with 1.1 km
spatial resolution and daily temporal resolution, was one of the few sensors on orbit with
such properties. Thus, several regional and global land cover classification studies and
operational programs were based on AVHRR data, see e.g. Brown et al. (1999) and
Laporte et al. (1998), to cite but a few.

Nowadays, other Earth Observation (EO) sensors with high temporal resolutions, such
as the MEdium Resolution Imaging Spectrometer (MERIS) and the Moderate Resolution
Imaging Spectroradiometer (MODIS) are also available, featuring better spatial
resolutions (up to 300 and 250 m, respectively) and superior standards of calibration,
georeferencing and atmospheric correction, as well as detailed per pixel data quality
information. As such, the EO community have started to explore images acquired by these
two sensors for the land cover assessment at regional and global scales (e.g., Carrão et al.
2006; Oliveira et al. 2005; Gonçalves et al. 2005; Clevers et al. 2004; Gessner et al. 2004;
Skinner and Luckman 2004; Duong 2004; Stibig and Bucha 2005). In particular, spectral,
temporal, and spatial information acquired by these sensors are all included as part of the
feature space exploited for land cover classification of wide regions (Friedl et al. 2001).
Imagery time-series analysis remains an essential approach for land cover cartography
production at medium spatial scales, although high spectral resolution imagery allow
retrievals of more detailed land cover features with single date information than before.

In this study we statistically compare the accuracy results of land cover classi-
fications performed in Portugal with single date and intra-annual MODIS time-series
images acquired at a nominal resolution of 500 m. Specifically, we evaluate if classi-
fication accuracy is significantly improved with multi-temporal spectral information in
opposition to single date spectral data. Land cover classification results were computed
with Support Vector Machine (SVM), a recently proposed supervised classification
system that is insensitive to space dimensionality (Pal and Mather 2005).

2 STUDY AREA AND DATA

The study area is the entire Portuguese mainland territory. Portugal is in a transition
zone featuring diverse landscapes representing both Mediterranean and Atlantic climate
environments. This landscape heterogeneity allows for the extrapolation of the
developed methodologies for other regions of the world.
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Our study relies on the MOD09A1 product, an 8 days composite of surface reflectance
images, freely available from MODIS Data Product web site (http://modis.gsfc.nasa.gov).
We considered a full year observation period, from February 2000 to January 2001 (12
cloud free images), of surface reflectances measured within seven disjoint spectral bands
(VISþ SWIRþMIR) and imaged at a nominal spatial resolution of 500 meters.
Moreover, two vegetation indices (Normalized Difference Vegetation Index – NDVI;
Enhanced Vegetation Index – EVI) were also calculated for each date.

The land cover classes used in this study are the following: (i) Water Bodies – WB,
(ii) Natural grassland – Ng, (iii) Broadleaved Closed Trees - BCT, (iv) Barren – B,
(v) Shrubland – S, (vi) Needleleaved Closed Trees – NCT, (vii) Irrigated Herbaceous Crops
– IHC, (vii) Rain Fed Herbaceous Crops - RHC and (ix) Continuous Artificial Areas – CAA.

3 METHODOLOGY

3.1 Sampling technique

In order to test the several classification approaches using the defined nomenclature, we
picked a collection of samples for the 9 nomenclature classes for the year 2000. The
sampling process was performed by visual interpretation of high spatial resolution Earth
Observation data, namely Landsat ETMþ images acquired during the year of 2000 and
orthorectified colour infrared aerial photography of 1995. CORINE Land Cover 2000
cartography (Painho and Caetano 2005), derived from visual interpretation of
LANDSAT ETMþ data, was also used as auxiliary data. For each class the samples
were uniformly distributed all over the mainland territory and a set of 354 total samples
was collected and distributed among the classes as follows: WB – 40, Ng – 16, BCT –
40, B – 27, S – 18, NCT - 55, IHC – 52, RHC – 59, and CAA – 47.

3.2 Classification phase

Land cover classification results were computed with Support Vector Machine (SVM).
SVM are a new generation of supervised learning systems based on recent advances in
statistical learning theory (Cristianini and Shawe-Taylor 2000). Pioneered by the work
on learning strategy by Vapnik and collaborators (Boser et al. 1992; Vapnik 1998), they
have rapidly and successfully been applied to numerous real-world classification pro-
blems. In short, SVM is a kernel-based classifier that uses a non linear mapping to
transpose the data initially lying in a non linearly separable space, onto a (possibly
infinite dimension) feature space. Due to the high complexity of this new representation,
it is likely that the different classes become linearly separable. In our specific task, we
used Gaussian kernels. See Carrão et al. (2006) and Gonçalves et al. (2005) for a
complete and detailed description of the SVM learning system.

All classification results we report in the next section have been obtained using cross
validation – a standard procedure used in longitudinal data analysis that permits
evaluating the first and second order statistics of the classifier. We fixed to five the
number of cross validation folds.

A classification with SVM using a single-date image per month was initially per-
formed in order to compare the results of posterior multi-temporal images classifications
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against the best classification accuracy based on single date spectral information.
Subsequently, land cover classifications with SVM were performed with several
combinatorial subsets of the twelve monthly images. We compute all possible classi-
fications for subsets of two and three dates (66 and 220 combinations, respectively). A
classification based on the set comprising all the twelve image dates was also performed.
Other combinatorial subsets were discarded because we achieved the essential results
with these arrangements.

3.3 Accuracy assessment

In order to perform a systematic investigation of the relative gain of incorporating the
temporal dimension into land cover classification process, standard accuracy measures
derived from a confusion matrix were computed, using the cross validation technique. The
measures used were: overall accuracy, individual class accuracy, producer’s accuracy and
user’s accuracy. Moreover, Kappa coefficient (overall and per class, or Conditional) is a
widely used statistic test relying on the contingency matrix, and therefore we also
computed it to statistically appraise our results (Jensen 1996). Finally, a t-test on empirical
class losses of the five folds per combinatorial subset allows for asserting significant
differences between our experimental setups (Johnson and Wichern 1998).

4 RESULTS AND DISCUSSION

In Figure 1 we present the overall 9-classes classification error obtained with SVM and
applied to each of the month dates separately. The goal was to define the month yielding
the best score and to use this as a benchmark mile stone to locate the classification
accuracies obtained with multi-temporal image sets.

Figure 1. Overall classification error as a function of time. For each monthly image, the

minimum classification error of the nine land cover classes is presented.
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The lowest misclassification rates are attained in summer times (between June and
September), being August the month with the lowest overall classification error. These
results are similar to the ones obtained by Gonçalves et al. (2005).

A closer view at the user’s and producer’s accuracy per class (Table 1), based on the
reflectances and vegetations indices measured in August image, show that ‘‘Natural
Grassland’’ (Ng) is definitely the less distinguishable land cover class, frequently
confounded with ‘‘Shrubland’’ (S), ‘‘Barren’’ (B) and ‘‘Rain fed Herbaceous Crops’’
(RHC). Similarly, ‘‘Shrubland’’ (S) is often confounded with several land cover classes,
but mainly with ‘‘Natural Grassland’’ (Ng).

In Figure 2, the class mean EVI time series corresponding to ‘‘Barren’’ (B) and
‘‘Natural grassland’’ (Ng) overlap in whole summer time. Furthermore, the ‘‘Natural
grassland’’ (Ng) profile is up to a scale factor, very similar to the ‘‘Rain fed herbaceous
crops’’ (RHC) response. Similar results were observed with NDVI and spectral bands.
For these reasons, and according to the phenologies of these classes, it is reasonably
expectable that adding more temporal information in the feature space (e.g. February or
November) should improve classification performances.

Next we present the results of the classifications performed with combinatorial
subsets of two dates (Figure 3). For each month mi (i¼ 1, . . .,12), a box plot represents
the empirical class loss distribution (median, quartile, extremes and outliers) obtained
for all pair-wise combinations of mi with each of the remaining eleven months. In all
cases, a SVM is trained on reflectance from all spectral bands and vegetation indices.

The most important remark when comparing these results with the ones from
Figure 1 is that the best median pair-wise classifications are achieved considering at least
one image from summer time. The minimum overall classification error was obtained by
combining August and November images (the same misclassification value was achieved
with the subset containing July and November dates). August is one of the dates that
contribute to the overall minimum misclassification value, proving once again that

Table 1. User’s and Producer’s accuracy per class. This repartition corresponds to the SVM
classification based on reflectances and vegetation indices measured at a single date (August 9,
2000).

WB Ng BCT B S NCT IHC RHC CAA User’s
accuracy

WB 40 0 0 0 0 0 0 0 0 100,0

Ng 0 5 0 4 3 0 0 4 0 31,3

BCT 0 0 40 0 0 0 0 0 0 100,0

B 0 1 0 18 2 0 0 1 5 66,7

S 1 4 2 2 6 2 1 0 0 33,3

NCT 0 0 2 0 0 53 0 0 0 96,4

IHC 0 0 0 1 1 0 50 0 0 96,2

RHC 0 2 0 0 0 0 0 56 1 94,9

CAA 0 0 0 1 0 0 0 0 46 97,9

Producer’s 97,6 41,7 90,9 69,2 50,0 96,4 98,0 91,8 88,5 –
accuracy
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Figure 2. Mean EVI values as function of time for ‘‘Natural grassland’’ (Ng), ‘‘Barren’’ (B), and

‘‘Rain fed herbaceous crops’’ (RHC). Each displayed curve is obtained by averaging together

filtered time profiles of all samples belonging to the same land cover class. See Pinheiro et al.

(2006) for further details on mean profiles calculation.

Figure 3. Empirical class loss per combinatorial subsets of two dates (%). Each box plot

represents the lower quartile, median, and upper quartile classification errors obtained for all

pair-wise combinations of each month with each of the remaining eleven months images.

Classification values that are considered as outliers are represented by ‘‘þ ’’.

360 H. Carrão, P. Gonçalves & M. Caetano



summer time spectral information is necessary for superior land cover classes’
discrimination in Portugal. Also, the median value of the misclassifications rates achieved
by combining August date with all other months proved to be smallest than the
combinatorial sets of all other months. This result suggests that is most likely to obtain an
overall minimum misclassification value if August spectral information is considered for
classification task. Looking closer at the results from Figure 2 we also perceive that
November and December are the winter dates that improve the overall classification
accuracy of the best single date classification when used together with the summer dates.
This outcome prove that the previous analysis of EVI mean profiles of Figure 2 is
adequate, and that by adding spectral features from different epochs into classification task
the overall classification accuracy can be increased. These values can be appreciated in
more detail in Table 2.

A similar classification approach with combinatorial subsets of three dates was
performed. Figure 4 compares the ‘‘minimum’’ overall class losses obtained when
training a SVM (i.e. optimizing its parameters) on observations from month mi, from the
pair (mi, mj), and from the triplet (mi, mj, mk). For each mi-combination, only the
minimum misclassification error is displayed.

This figure shows that increasing the temporal spectral features for classification
minimizes the overall classification error achievable with single date information.
However, this is mainly notorious for months out of the summer period, which are the
ones that clearly benefit from those combinations, whereas class loss achieved with a
single date in summer does not substantially. This is an important result showing that
with SVM approach the best classification accuracy attained with single date

Figure 4. Overall class losses (%) obtained with observations from a single date and from com-

binatorial sets of two and three dates. For each combination, only the minimum misclassi-

fication error is displayed.
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information is quite similar to those attained with two and three dates. Detailed results
are presented in Table 2.

Classification accuracies for the nine land cover classes using single-date, two-dates,
three-dates and twelve-dates spectral information and vegetation indices as input
features for the classification with SVM are presented in Table 2. Notice that for two and
three dates, only the combinatorial set with the minimum misclassification rate in each
case is presented.

Looking at the results of this table we perceive that overall and particular classi-
fication accuracies obtained with one or more dates are quite similar. However, we
notice that using spectral data and vegetation indices from August and November
images as input features for classification, the overall accuracy and Kappa coefficient
were improved, as well as the Conditional Kappa of ‘‘Shrubland’’ and ‘‘Natural
grassland’’ classes. This is the most important result proving that multi-temporal data,
may be redundant regarding the overall classification task, but can show useful at
separating two specific classes (which does not necessary mean that individually those
classes will be correctly identified in a multi-class classification context).

Table 3 provides the Student’s t-test values calculated in order to check how
significant the improvements in classification accuracy are, when we take into account
more than one single-date spectral features and vegetation indices for classification.
t-test values were computed considering the empirical class losses of the five folds per
combinatorial subset presented in Table 2 . If the absolute value of t-test is greater than
1.96, the difference between the classification accuracies of two imagery time sets is
significantly different at a 95% confidence level.

Table 2. Global classification accuracies from the best single date classification, from the best
two and three dates combinatorial sets and from the twelve dates association. The table shows
individual classification accuracy for each class (Conditional Kappa), the value of the Kappa
coefficients and overall accuracy.

Number of input dates for classification

1 2 3 12
(August) (August þ November) (August þ

Land cover class November þ July)

Water Bodies 1,00 1,00 1,00 1,00

Natural grassland 0,29 0,30 0,30 0,36

Broadleaved Closed Trees 1,00 0,97 0,94 0,94

Barren 0,64 0,68 0,72 0,64

Shrubland 0,31 0,43 0,37 0,31

Needleleaved Closed Trees 0,96 0,96 0,96 0,96

Irrigated Herbaceous Crops 0,96 0,98 1,00 0,98

Rain fed Herbaceous Crops 0,94 0,98 1,00 0,98

Continuous Artificial Areas 0,98 0,98 0,97 1,00

Kappa 0,87 0,89 0,89 0,88

OVERALL ACCURACY 0,89 0,90 0,90 0,90
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It should be observed that there is no significant difference between the performance
of SVM procedure using spectral data from one, two, three or even twelve dates as input
features for classification (all t-test values are inferior to 1.96). It can be concluded that
for this land cover samples set, all combinations of time features are equivalent for
classification with the SVM. Still, it is important to note that the classification accuracy
results always benefit from the addition of multi-temporal information, as observed
in Table 2.

5 CONCLUSIONS

The results we obtained show that combining temporal spectral features over one year
period for land cover classes’ discrimination in Portugal does not improve significantly
the best overall classification attained with single date information. Spectral data from
summer dates proved to be indispensable for the largest part of land cover classes’
discrimination, but accuracies of specific classes benefit from the inclusion of spectral
data of at least one winter date. Thus, we should remark that the use of multi-temporal
imagery data for the discrimination between particular land cover classes proved to be
important, although overall accuracy did not benefit from it. We believe that overall
classification results were not improved significantly with the inclusion of more dates as
input for classification due to the fact that the sizes of the training and validating sample
sets are inconsistent among the several land cover classes. ‘‘Shrubland’’ and ‘‘Natural
grassland’’, the two classes that mostly benefited from multi-temporal classification,
contribute only to 9% of the total samples used in the framework of this study and an
increase in their particular accuracies does not produce a significant improvement of the
overall classification accuracy. Anyway, this study demonstrates that the use of spectral
data from different epochs for land cover classification is always positive in both overall
and particular classes’ analyses. However, since there is a high correlation between
the annual mean spectral profiles of vegetation classes (all correspond to continuous-
time functions) is reasonably that few temporal spectral features are sufficient to
assemble most of the discriminant information.

The overall classification results showed that embedding information available for all
dates simultaneously had to face the problem of insufficient training data, which
modestly degraded the classification scores previously obtained with only two and three
dates. Also, the sparseness of available samples adds to the classification difficulty. Still,

Table 3. Student’s t-test values to appraise the significance of the difference between
classification accuracies from the best single date classification, from the best two and three
dates combinatorial sets and from the twelve dates association.

Number of input dates for classification 1 2 3 12

1 – 0,3716 0,4167 0,2395

2 0,3716 – 0,0757 0, 1714

3 0,4167 0, 0757 – 0, 2366

12 0,2395 0, 1714 0, 2366 –
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from a methodological viewpoint, SVM proved to be insensitive to the dimensionality of
input data, given that similar overall land cover classification accuracy results were
obtained with one and twelve monthly imagery spectral data.
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